8 OPEN ACCESS

Language Education & Assessment

ISSN 2209-3591
Castledown https://www.castledown.com/journals/lea/

Language Education & Assessment, 9, 103627 (2026)
https://doi.org/10.29140/1ea.2026.103627

Investigating the Predictive Power of Lexical, g,
Syntactic, and Cohesive Features on ~
Chinese-English Translation Quality: The Case
of Test for English Majors Grade 8 (TEMS)

MINGWEI PAN?
HAOYUE YANGP
aShanghai International Studies University, China bShanghai Jiayi Experimental High School, China
mwpan@shisu.edu.cn 1374893422(@qq.com
Abstract

This study investigates the language features that may predict translation quality in TEMS8 Chi-
nese-English tasks and the magnitude of their predictive power. Drawing upon a self-compiled corpus
comprising of 1,000 translation samples from 2022 and 2023 test administrations, 38 language fea-
ture indices spanning lexical, syntactic, and cohesive dimensions were extracted using Coh-Metrix
(Graesser et al., 2004) and the NeoSCA (a refined iteration of the Second Language Syntactic Com-
plexity Analyzer, namely L2SCA) (Tan, 2022). Quantitative analysis identified seven significant lan-
guage feature predictors: four lexical and three syntactic. Notably, no cohesive features demonstrated
statistically significant predictive capacity. Subsequent regression analysis revealed that five of these
predictors collectively explained 17.1% of the variance in translation quality scores. These findings
furnish empirical evidence for translation assessment and pedagogy, offering actionable insights for
candidates and teachers to pinpoint specific linguistics domains warranting enhancement in TEMS
translation performance.
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Introduction

As global interconnectedness deepens, the ability to produce high-quality translation is increasingly
recognized as vital for effective cross-cultural communication (Adil, 2020). This practical imperative
is paralleled in the pedagogical sphere, where translation is viewed not merely as a skill-specific com-
petency but as a potent vehicle for enhancing overall language proficiency (Cook, 2010). Within the
Chinese specific context, this importance is further amplified, as fostering high-standard translation
capability is deemed crucial for accurately articulating national narratives to the international com-
munity (Chen, 2022). Such prioritization is instantiated in standardized assessments, most notably the
Test for English Majors Grade 8 (TEMS&) in China, wherein the Chinese-English (C-E) translation task
functions as a critical benchmark for gauging students’ translation competence.

However, the field of translation assessment remains encumbered by persistent challenges of subjec-
tivity and inconsistent criteria. A critical yet underexplored question concerns the empirical grounding
of evaluative practices: specifically, which measurable language features constitute reliable predictors
of translation quality. Situated within this broader endeavor to enhance assessment rigor, this study
seeks to empirically identify the salient language features that predict translation quality in TEM8 C-E
translation tasks and to precisely quantify their predictive power, thereby contributing to more objec-
tive and evidence-based evaluation practices.

Translation Quality Assessment

Translation Quality Assessment (TQA) emerges as a pivotal focus in translation studies. The outcome
of TQA varies according to the diverse purposes of assessment (Melis & Hurtado Albir, 2001). Yang
(2012) observed that while qualitative TQA is well-suited for evaluating published literary transla-
tions, quantitative TQA is more appropriate for large-scale proficiency and achievement language tests.
For qualitative TQA, various scholars have put forward different models of qualitative assessment in
translation (House, 2014; Nida & Taber, 1969; Reiss, 2004; Williams, 2004). Unlike qualitative TQA,
quantitative TQA presents the assessment results in the form of scores (Yang, 2019). The representa-
tive examples of quantitative TQA include the model proposed by Colina (2008, 2009), the Diploma
in Translation (DipTrans) exam (https://www.ciol.org.uk), employing an analytical scoring approach,
and the American Translators Association (ATA) exam (https://www.atanet.org), which adopts an error
deduction method in scoring. Within the Chinese context of English translation assessment, the trans-
lation section of the TEMS8 exam differs from these exams by employing a mixed scoring approach,
assessing translations both through error deduction and quantitative analytical scoring (see Appendix
A for the TEMS8 C-E translation rating scale). Similar to the DipTrans exam, the TEMS translation task
evaluates translations based on two dimensions: (1) translation fidelity, which accounts for 70% of the
score, and (2) language quality, which constitutes 30% of the score. Additionally, the rating criteria
describe errors in students’ translations, and raters are required to score the translations according to
these descriptions.

Having outlined the core approaches to TQA, namely qualitative and quantitative frameworks, it is
important to note that recent advancements in computer science have driven a shift in this field. Many
researchers have employed natural language processing tools and corpora to develop TQA models
using automatic methods, significantly advancing the field of TQA (Zhu & Wang, 2020). According
to Yang (2019), TQA that adopts automatic methods refers to the procedure in which translated texts
are collected and organized into a corpus, after which computational programs are employed to auto-
matically evaluate translation quality. It falls into two types of models (Yang, 2019). The reference
translation-dependent model depends on a reference translation. To be more specific, researchers or
raters examine the similarity between the meaning of the reference translation and the candidates’



3 Language Education & Assessment, 9

translations, and concentrate on the fidelity of the translation. The more similar they are, the higher the
score candidates will obtain. It offers objective, replicable scoring by quantifying semantic similarity
to a benchmark. This model directly aligns with the core TQA criterion of fidelity, ensuring assess-
ment relevance. However, this approach may rely too heavily on a single reference translation and
may ignore multiple creative but accurate translations. In addition, it cannot adequately evaluate the
naturalness and appropriateness of the language of the translated texts. High similarity to the reference
translation does not necessarily mean the translated text is idiomatic and contextually appropriate.
Conversely, the language feature-based model does not rely on a reference translation. Researchers or
raters first find out the most representative language features of excellent translations. Scores increase
commensurately with the incidence of these features. This paradigm emphasizes language features
that distinguish excellent translations from mediocre ones, while foregrounding the inherent qual-
ity features of translations, such as accuracy, fluency, completeness, and appropriateness, which can
reflect whether the translation is effective, appropriate, and comprehensible in real communicative sit-
uations. As it does not bind to a fixed reference, it accommodates translation creativity and contextual
adaptability. Furthermore, the model also enables insights into why a translation is effective via lan-
guage feature analysis, supporting formative feedback for translators. Nevertheless, the model requires
extensive, high-quality corpora to identify valid, representative features of excellent translations. In
addition, feature selection is subjective, so the overemphasis on surface-level traits may overlook
deeper semantic or pragmatic qualities. Despite these shortcomings, many studies still analyze the
relationship between language features and translation quality in view of the advantages of the lan-
guage feature-based model (Jiang, 2013; Wang & Zhu, 2017; Zhu & Wang, 2020). While translation
fidelity is essential, the present study focuses on the roles of language features in TQA.

Language Features in Assessing Translation Quality

Kyle and Crossley (2017) emphasized that language features are frequently used to assess learners’
language performance and to create automatic scoring models. Although language features are less
extensively studied in translation assessment than those in writing evaluation, the approach of analyz-
ing language features is also applied in the development of quantitative TQA models, as evidenced by
several studies (Jiang, 2016; Redelinghuys & Kruger, 2015; Wang et al., 2021; Zhu & Wang, 2020).

For example, the study of Redelinghuys and Kruger (2015) investigated whether there is a relation-
ship between language features and translation expertise. The language features explored in this study
included explicitation, which was measured by the ratio of that-omission and the frequency of con-
junctive markers; simplification, standardized by type-token ratio (TTR), and the Flesch Reading Ease
score; and normalization, measured through the ratio of contracted forms and the frequency of neol-
ogisms and loanwords. The study found that the level of translation expertise has an influence on
the distribution and frequency of some of these features, most definitely as far as simplification is
concerned, suggesting that these features could potentially be considered as indicators of translation
expertise.

While Redelinghuys and Kruger (2015) adopted a broad perspective covering multiple macro-level
text features, such as explicitation, simplification, and normalization, some other studies have delved
into more specific, micro-level dimensions of one level of language features. For example, the study
of Wang et al. (2021) mainly focused on the relationship between lexical features and translation
quality. It developed a TQA framework based on lexical features such as fluency, lexical diversity,
word frequency breadth, lexical difficulty, lexical density, and word semantics. It also explored the
predictive power of these language features in the scoring model. They found significant correla-
tions between these features and translation quality, underscoring their predictive value in scoring
models.
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Similarly, Jiang (2016) explored the predictive power of language features at the cohesive level. Pri-
marily studying the role of cohesive devices in TQA, it employed the text analysis tool Coh-Metrix,
and identified six cohesive indices that can effectively predict translation quality, including causal
connectives incidence, temporal connectives incidence, the mean LSA (latent semantic analysis) sim-
ilarity between adjacent sentences, the mean LSA similarity between all possible pairs of sentences
in a paragraph, the mean LSA similarity between adjacent paragraphs, and the mean LSA similarity
between all sentences. Significant differences were observed between the high- and low-level groups
in both connectives and LSA.

Extending this line of inquiry, Zhu and Wang’s (2020) study examined the relationship between lan-
guage features and translation quality from three levels in detail. It explored how lexical, syntactic, and
cohesive features influence translation quality. Lexically, they assessed both breadth (e.g., variation,
frequency) and depth (e.g., semantic relations) of vocabulary knowledge. Syntactically, all 14 indices
from Lu’s (2010) L2SCA were analyzed, while cohesive features included connectives and latent
semantic analysis. Their findings revealed genre-specific predictors. For narrative translations, among
all examined indices, 23 significantly correlated with translation quality, with 11 of them forming an
optimal multiple linear regression (MLR) model. For argumentative translations, 12 indices showed
significance, 5 of which were selected to establish an optimal MLR model. Key predictors in argu-
mentative translations involved lexical diversity (e.g., LDTTRa, LDVOCD), semantic properties (e.g.,
WRDHYPn, WRDHYPv), syntactic complexity (CT/T, CP/T), and cohesion markers (e.g., connec-
tives and information structure indices).

In these studies, language features have proven to be significant indicators of translation quality and
are worth studying.

Studies on the Translation Section of the Test for English Majors Grade 8 (TEM8)

When exploring the relationship between language features and translation quality, translations in
large-scale exams serve as essential resources since they constitute valid evidence of candidates’ pro-
ficiency. The Test for English Majors Grade 8 (TEMS) is one of the large-scale exams.

The C-E translation section of TEMS evaluates students’ ability to translate real-world Chinese
materials into natural English. According to the official guidelines of TEMS8 (http://tem.fltonline.
cn/?p/74676), the test uses practical texts drawn from newspapers, magazines, and general literary
works, with most texts being argumentative essays. The required translation speed is between 250
and 300 Chinese characters per hour. Moreover, TEMS is a criterion-referenced test (Zou, 2012),
which adopts a rating scale to score translated samples. As mentioned in the section Translation
Quality Assessment, scores are calculated with 70% for translation fidelity and 30% for language
quality (see Appendix A). This balanced approach ensures translations are both semantically cor-
rect and well-written. From this point of view, TEMS, as a prominent large-scale examination for
English majors, provides an excellent context to investigate the predictive power of language fea-
tures on translation quality. Pan and Zou (2020) demonstrated that TEMS is widely recognized and
used across various sectors of society. Their research indicates that some international universities
accept TEMS scores as equivalent to Test of English as a Foreign Language (TOEFL) or Interna-
tional English Language Testing System (IELTS) for postgraduate admissions. Similarly, the study
found that several domestic universities use TEMS8 scores to exempt students from postgraduate
English courses, and certain civil service positions related to foreign affairs and middle school
English teaching recruitment consider TEMS certification as a basic requirement. In this context,
developing a TQA model using automatic methods tailored to the TEMS context represents a signif-
icant and worthwhile endeavor.
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Research on TEMS translation primarily focuses on error analysis. Most studies examine errors by
comparing Chinese and English language features (e.g., Shao & Shao, 2012). A smaller number of
studies investigate student strategies (e.g., Hai, 2003) or rater reliability (e.g., Chen, 2016). However,
the field remains dominated by qualitative approaches, with limited use of quantitative or corpus-based
methods. A notable exception is Wang (2009), who employed corpus tools to analyze 360 translation
samples, identifying frequent interlanguage errors such as literal translation and Chinese-style English
expressions, largely attributed to L1 negative transfer. Despite these efforts, significant research gaps
persist. There is a scarcity of large-scale, quantitative studies utilizing corpora to explore language
features of translations. Consistent with the methodological framework of translation competence
research developed by Process in the Acquisition of Translation Competence and Evaluation (PACTE,
2000, 2003) and Transcomp (Gopferich, 2009, 2013), this study employs a corpus-based approach to
analyze language features in TEMS translations, to gain a more comprehensive understanding of how
language features relate to translation quality. In summary, this study employed a quantitative method
to examine the predictive power of lexical, syntactic, and cohesive features on translation quality.
These features, derived from previous research and detailed in a following section, Selection of Indi-
ces, aim to address the following research questions (RQs):

RQ1: What specific lexical, syntactic, and cohesive features are effective predictors of
TEMS C-E translation quality? To what extent can they predict translation qual-
ity, respectively?

RQ2: Which of these predictors can form a multiple linear regression (MLR) model
to predict TEM8 C-E translation quality jointly? To what extent can the model
predict translation quality?

Methodology
Data Collection and Processing

The present study selected a sample of 500 TEM8 C-E translations from the 2022 and 2023 test
administrations, respectively (the source texts and examples of translations are presented in Appendix
B), totaling 1000 translations. The translation samples were drawn from a diverse pool of TEMS can-
didates, representing a broad spectrum of universities across different regions and of various institu-
tional levels. Furthermore, the present study adopted the official scores provided by TEMS. It should
be noted that the TEMS translations are scored on a 10-point scale as shown in Appendix A. The raw
scores were later transformed into the final scores (15 points) by multiplying them by 1.5. Although
final scores are reported to candidates, raw scores were used as the independent variable, as one index’s
capability of predicting scores does not vary just because the scores are linearly amplified. The present
study employed a stratified random sampling approach, and the score distribution of the 500 transla-
tions each year followed a bell-shaped distribution, characterized by fewer translations with high and
low scores, while the majority of translations had average scores. To be more specific, the translations
awarded 5 and 6 points are the most frequent, while those getting 2 and 9 are the least. This distribution
largely mirrors actual scoring patterns. However, another word of caution is that the TEMS translations
of 0 and 1 points were excluded from the data collection, given that most of them only have limited lin-
guistic content with just one or half-translated sentences in broken language. These instances provide
limited analytical value for examining the relationship between scores and language features, espe-
cially in terms of syntactic and cohesive features. The translations with a perfect score of 10 were also
excluded due to their limited number. It should also be noted that translations with half-point scores
were excluded from the study. The infrequent use of half-point ratings may result in uneven score dis-
tributions, potentially obscuring the monotonic relationship between language features and translation
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quality. Meanwhile, TEMS raters—senior experts in the field—underwent rigorous selection and cal-
ibration. The standard calibration process requires them to learn the official TEMS rating scale and
align their scoring through trial evaluations. In addition, a continuous monitoring system ensures the
accuracy and consistency of scores by randomly selecting rated translations for verification. This safe-
guards the scores’ reliability and validity.

Research Instruments

As noted earlier, automatic TQA typically evaluates language quality across three dimensions: lexical,
syntactic, and cohesive features. To delve into the three aspects, the study employed two natural lan-
guage processing tools: Coh-Metrix (Graesser et al., 2004) for analyzing lexical features and cohesive
features, and NeoSCA (Tan, 2022) for analyzing syntactic features. As a refined iteration of L2SCA
(Lu, 2010), NeoSCA started with the original codebase of L2SCA and has evolved into a separate
project. It retains full functional equivalence with L2SCA for syntactic complexity analysis but adds
the crucial advantage of Windows compatibility, whereas the original tool only operates on Mac OS
and Linux.

Coh-Metrix, an online text analysis tool, is among the relatively broad and sophisticated automated
textual assessment tools available to date (McNamara et al., 2014). It can analyze texts for various
aspects, such as cohesion, language usage, and readability. It generates indices reflecting cohesion
relations, world knowledge, as well as language and discourse characteristics (McNamara et al., 2014).
In its latest iteration, Coh-Metrix 3.0 is equipped to analyze 106 indices from 11 key aspects. Coh-Me-
trix’s syntactic complexity analysis is subject to significant limitations (Lu & Xu, 2016). In contrast,
L2SCA, developed by Lu (2010), establishes its measurement indices of syntactic complexity directly
from the L2 syntactic complexity studies. Lu (2010) selected 14 syntactic complexity indices from
second language writing research (Ortega, 2003; Wolfe-Quintero et al., 1998) for automatic analysis,
categorizing them into five types: length of production unit, sentence complexity, subordination, coor-
dination, and particular structures.

Selection of Indices

Building on Zhu and Wang’s (2020) research, this study adopts lexical and cohesive indices sig-
nificantly correlated with argumentative translation scores, while also incorporating lexical density
(Jiang, 2013) to examine the role of content-word ratio. Given that TEMS8 source texts are pre-
dominantly argumentative and drawn from newspapers or magazines, cohesive features were also
selected in alignment with Jiang (2016) to match text-type characteristics. For syntactic features, all
14 indices from L2SCA were included due to the limited existing research on syntactic complexity
in translation assessment (Zhu & Wang, 2020). In total, 38 indices, including 16 lexical, 14 syn-
tactic, and 8 cohesive indices, were employed to explore their predictive power for C-E translation
quality in TEMS.

Lexical features were analyzed in terms of lexical diversity, lexical density, and lexical semantics.
From the perspective of lexical diversity, the type-token ratio of all words (LDTTRa) and the lexical
diversity of all words based on the VOCD measure (LDVOCDa) were selected. The indices that mea-
sure lexical density include noun incidence (WRDNOUN), verb incidence (WRDVERB), adjective
incidence (WRDAD)), adverb incidence (WRDADYV), and pronoun incidence (WRDPRO). Lexical
semantics encompasses the meanings of individual words and the semantic relationships between
words. These dimensions were operationalized through the following indices: the average polysemy
values of all content words in a text (WRDPOLc), estimates of hypernymy for nouns (WRDHYPn),
for verbs (WRDHYPv), and for the combination of both nouns and verbs (WRDHYPnv), the age in
which a content word first appears in a child’s vocabulary (WRDAOACc), a measure of how familiar a
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word is to an adult (WRDFAMCc), how concrete or non-abstract a word is (WRDCNCc), how easy it
is to construct a mental image of the word (WRDIMGc), and the degree to which a word is related to
other words (WRDMEAC).

In accordance with Lu (2010), syntactic complexity was operationalized across five dimensions,
namely, length of production unit, sentence complexity, subordination, coordination, and particular
structures. First, the dimension length of production unit includes three indices: mean length of clause
(MLC), mean length of sentence (MLS), and mean length of T-unit (MLT). Second, sentence complex-
ity is computed as the index sentence complexity ratio (C/S, defined as clauses per sentence). Third,
the subordination dimension incorporates four indices: T-unit complexity ratio (C/T, defined as clauses
per T-unit), complex T-unit ratio (CT/T), dependent clause ratio (DC/C, defined as dependent clauses
per clause), and dependent clause per T-unit (DC/T). Fourth, coordination consists of three indices,
including coordinate phrases per clause (CP/C), coordinate phrases per T-unit (CP/T), and sentence
coordination ratio (T/S, defined as T-units per sentence). Fifth, the dimension particular structures are
composed of complex nominals per clause (CN/C), complex nominals per T-unit (CN/T), and verb
phrases per T-unit (VP/T).

Text cohesion was analyzed from two dimensions in the present study: latent semantic analysis (LSA)
and connectives. Within the LSA dimension, four indices were employed, including mean LSA sim-
ilarity between adjacent sentences (LSASS1), mean LSA similarity between all possible pairs of
sentences in a paragraph (LSASSp), mean LSA similarity between adjacent paragraphs (LSAPP1),
and average proficiency of how much given versus new information exists in each sentence in a text
(LSAGN). Regarding connectives, four indices were used, involving the frequencies of causal con-
nectives (CNCCaus), logical connectives (CNCLogic), additive connectives (CNCAdd), and temporal
connectives (CNCTemp).

An inventory of these language features and their definitions is provided in Appendix C.

Data Analysis

The present study predominantly adopted a quantitative method to analyze the data. Quantitative anal-
ysis used Coh-Metrix and NeoSCA to extract language features, followed by simple linear regres-
sion analysis to identify predictors of TEMS translation scores. Subsequently, multiple linear stepwise
regression analysis was performed to examine their combined predictive effects. After establishing
the simple and multiple linear regression models, residual analysis was also conducted to evaluate the
rationality of the model and the validity of the results. The residual normality of these models was ver-
ified using the Kolmogorov-Smirnov test (K-S test). Residual is the difference between the observed
value and the model’s predicted value. If the K-S test yields a p-value greater than 0.05, it indicates that
the model meets the assumption of residual normality. Residual homoscedasticity of these models was
assessed using the Non-Constant Variance Score Test (ncvTest). Homoscedasticity means the variance
of the residuals is roughly the same for all predicted values. If the ncvTest yields a p-value greater
than 0.05, it demonstrates that the model meets the critical assumption of homoscedasticity, making it
statistically reliable. Residual independence of the models was verified by Durbin-Warton Test (DW
Test). The assumption of residual independence requires that the residual of one observation must not
contain any predictive information about the residual of another. In DW tests, a DW value near 2 is
ideal, confirming that the residuals are independent. For multiple linear regression analysis, besides the
above-mentioned conditions, simple linear regression analysis had already been conducted to verify
the linear relationship between the predictors and translation quality, and VIF was detected to avoid
multicollinearity. All the regression analyses were implemented with R. In addition, typical examples
were analyzed to support and enhance the robustness of the findings.
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Results

Simple linear regression revealed that four lexical indices and three syntactic indices were significantly
correlated with translation quality, while cohesive features show no significant correlation. The spe-
cific results are presented in the following sections.

Predictive Power of Lexical Features

Four lexical indices—WRDNOUN (noun incidence), WRDAOAc (mean age of acquisition for con-
tent words), WRDHYPn (mean value of hypernymy for nouns), and WRDHYPv (hypernymy for
verbs)—were found to correlate significantly with translation quality. Residual normality, homosce-
dasticity, and independence were confirmed via K-S tests, ncvTests, and DW statistics respectively'.

Results of the simple linear regression models are summarized in Table 1.

Table 1. Results of simple linear regression models based on indices of lexical features

Predictor b SE B t p 95% ClI R?
Model 1 .045
Intercept 7.766 0.336 23.138 <.001 [7.107, 8.425]
WRDNOUN -0.010 0.001 —.212 -6.841 <.001 [-0.013, -0.007]

Model 2 .038
Intercept 2.847 0.427 6.661 <.001 [2.009, 3.684]
WRDAOACc 0.007 0.001 194 6.258 <.001 [0.005, 0.009]

Model 3 .062
Intercept 1.137 0.538 2.112 .035 [0.082, 2.192]
WRDHYPn 0.705 0.087 .249 8.145 <.001 [0.535, 0.874]

Model 4 .065
Intercept 2.819 0.326 8.661 <.001 [2.180, 3.458]
WRDHYPv 1.901 0.228 .256 8.351 <.001 [1.454, 2.347]

Note. N = 1,000. b = unstandardized coefficient; SE = standard error; § = standardized coefficient; Cl =
confidence interval.

WRDNOUN significantly correlates with translation quality. As shown in Table 2, Model 1 had an
unstandardized coefficient of —0.010, indicating that a one-unit increase in WRDNOUN is associated,
on average, with a -0.010 unit change in the score, controlling for other variables in the model. Since
the aim is to interpret the relationship between the independent and dependent variables, reporting an
unstandardized coefficient is appropriate. The same applies to Model 2-7. The model explained 4.5%
of the variance (adj. R> = 0.045, p <.001). To illustrate this pattern empirically, consider two specific
examples: Translation #769 (score = 7) contains 16 nouns out of 81 words, while #171 (score = 4) has
31 nouns out of 78 words. This contrast supports the observed negative effect of high noun incidence
on translation quality.

! p-value of K-S tests: Model 1 =0.378, Model 2 = 0.342, Model 3 = 0.177, Model 4 = 0.327; p-value of ncvTests: Model 1 = 0.559,
Model 2 =0.230, Model 3 = 0.059, Model 4 = 0.159; DW-value: Model 1 =2.058, Model 2 =2.016, Model 3 =2.037, Model 4 = 1.986
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Example 1

Cities have diven original inhabitants in the wild away and destroyed its ancient
scenery. More prosperity in order has superseded the natural scenery sights. Currently,
the wild is increasingly shrinking and decreasing. However, people shouldn’t ignore it
or disregard it; instead, they ought to find the most suitable distance to approach and
accompany it. Being kind to the wild means to treat human himself kindly. We must be
aware that it’s never possible for mankind to defeat the wild by cities. (#769, score =7)

Gentally, nature area and city are contrast. City makes the local people more out their
home, and destroy the old nature area sightsee. More and more florish instead of the
nature sightsee. Today, nature area become more and more small. People should’t
careless for nature area. We should found a better metre from nature area and city.
Take care for nature area, equatlly take care for people. As we known, people is’t win
the nature area by city. (#171, score = 4)

WRDAOAC also correlates significantly with translation quality. Model 2 showed a positive unstan-
dardized coefficient of 0.007, suggesting that when all other variables remain constant, for every one
unit of increase in WRDAOAC, the score increases by 0.007 units. This illustrates that translations
using words acquired later tend to achieve higher quality. This index accounted for 3.8% of variance
(adj. R?=0.038, p <.001). A concrete example can illustrate this relationship. For instance, Translation
#754 (score = 7) uses more complex vocabulary (e.g., “approach” instead of “way”; “most appropri-
ate” instead of “best”), consistent with later-acquired words leading to better quality. Specifically,
although Translation #754 and #51 employ semantically equivalent vocabulary, Translation #754 uses
more sophisticated lexical choices. While the WRDAOACc index (i.e., word age of acquisition) is not
directly equivalent to word complexity or formality, it is closely associated with these two concepts:
words acquired later in language learning are typically more academic, abstract, and formal, and thus
perceived as more complex. This illustrates that translations characterized by higher WRDAOACc val-
ues tend to receive higher scores.

Example 2

...... However, human beings should find out the most appropriate approach to live in the
wild rural places kindly and friendly, instead of ignoring them or

taking an indifferent attitude towards them....... (#754, score =7)

(#51, score = 3)

WRDHYPn is positively correlated with translation quality, forming Model 3 with an unstandardized
coefficient of 0.705, which indicates that when all other independent variables are held constant, a
one-unit increase in WRDHYPn corresponds to a 0.705-unit increase in the score. It explained 6.2%
of variance (adj. R* = 0.062, p <.001). In Example 3, Translation #754 (score = 7) uses a more spe-
cific hypernym (“residents’) compared to #51 (score = 3), which uses a circumlocution (“people who
originally lived in kuangya”). From the economic perspective, it is more appropriate to use the more
specific noun “resident” in the translation, illustrating that lexical specificity is associated with higher
scores.

Example 3
...... The arriving of the city, distroying the ancient landscape of the wild rural places,
explicts the origional residents there....... (#754, score =7)

...... The city expels the people who originally lived in kuangya, destories the kuangya’s
old ancient view....... (#51, score = 3)
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WRDHYPv is also positively correlated with translation quality. Model 4 had an unstandardized
coefficient of 1.901, which means that with all other independent variables fixed, each one-unit rise
in WRDHYPv is associated with a 1.901 increase in the dependent variable score. The model also
explained 6.5% of variance (adj. R* = 0.065, p <.001). Example 4 demonstrates that Translation #796
(score = 7) uses specific verbs (“evolve”, “reshape”) to describe the ability of the traditional culture to
update as the environment changes, while #114 (score = 3) uses a general verb (“influence”), which is

unable to illustrate this ability vividly, supporting that verbal specificity improves translation quality.

Example 4

...... The traditional culture will evolve and reshape itself in the atmosphere of new gen-
eration while having impact on real life....... (#796, score = 7)

...... And when she is influnced the truth, she’s also influnced by the truth....... (#114,
score = 3)

Predictive Power of Syntactic Features

Three syntactic indices, CP/T, CN/T, and CN/C, showed significant correlations with translation quality
and were used to construct simple linear regression models (Models 5-7). CP/T means coordinate
phrases per T-unit, CN/T refers to complex nominals per T-unit, and CN/C stands for complex nominals
per clause. Residual normality, homoscedasticity, and independence were confirmed via K-S tests,
ncvTests, and DW values respectively?.

The model results are summarized in Table 2.

Table 2. Results of simple linear regression models based on indices of syntactic features

Predictor b SE B t P 95% CI R?
Model 5 .043
Intercept 4.846 0.111 43.577 <.001 [4.628, 5.063]
CP/T 0.955 0.142 .208 6.734 <.001 [0.677, 1.233]
Model 6 .069
Intercept 4.352 0.144 30.294 <.001 [4.070, 4.634]
CN/T 0.495 0.058 .263 8.611 <.001 [0.383, 0.608]
Model 7 .038
Intercept 4.643 0.147 31.660 <.001 [4.355, 4.931]
CN/C 0.504 0.080 195 6.290 <.001 [0.347, 0.661]

Note. N = 1,000. b = unstandardized coefficient; SE = standard error; § = standardized coefficient; Cl =
confidence interval.

CP/T positively correlates with translation quality. Model 5 yielded an unstandardized coefficient of
0.955, which means that, all other independent variables constant, a one-unit rise in CP/T brings a
0.955 increase in score. It explained 4.3% of the score variance (adj. R*> = 0.043, p < .001). As illus-
trated in the following example, high-scoring Translation #999 used coordinated phrases (e.g., “impact
modern Chinese and provide historic resources...”), which had richer meaning and more abundant

2 p-value of K-S tests: Modal 5 = 0.094, Model 6 = 0.248, Model 7 = 0.244; p-value of ncvTests: Model 5 = 0.636, Model 6 = 0.145,
Model 7 = 0.177; DW-value: Model 5 =2.020, Model 6 =2.012, Model 7 =2.009
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expressions than the phrase “provided historical experiences” in Translation #126 (score = 3) and thus
conveyed the meaning of the original text more completely and appropriately.

Example 5
...... The Traditional Chinese culture were conducted by fruitful relics passing by our
ancient generations, which constantly impact modern Chinese and provide historic

resources and reality base for cultivate new cultures....... (#999, score =9)
...... It (the traditional Chinese culture) provided historical experiences for culture
invation....... (#126, score = 3)

CN/T and CN/C are also positively related to translation quality. Model 6 had an unstandardized coef-
ficient of 0.495, which shows that when all other independent variables remain unchanged, a one-unit
increase in the CN/T is linked to a 0.495 increase in the dependent variable score. And it accounted for
6.9% of variance (adj. R* = 0.069, p < .001). Model 7 showed an unstandardized coefficient of 0.504,
which displays that as all other independent variables are held constant, a one-unit increase in CN/C cor-
responds to a 0.504-unit increase in the dependent variable score, explaining 3.8% of variance (adj. R* =
0.038, p <.001). Example 6 illustrates that Translation #992 (score = 9) contains complex nominals (e.g.,
“a mighty river flowing...””) within one of its clauses, while #126 (score = 3) used simpler sentences to
express a similar meaning, lacking the richness and flexibility in the use of language. On the other hand,
the excerpt from Translation #992 is a complete T-unit and has four complex nominals. In contrast, the
excerpt from #126 contains two T-units, but none of them include complex nominals. On this account,
Example 6 corroborates that higher-quality translations exhibit greater use of complex nominals.

Example 6

...... Much like a mighty river flowing for over 5000 years and never failing to maintain
her abundance, Chinese traditional culture embodies time-honored conventions as well
as future-oriented originality with her vigorous momentum to integrate the two and

foster the new one....... (#992, score = 9)
...... It just like a river. This river had been launched for five thousands years....... (#126,
score = 3)

Absence of Significant Correlations in Cohesive Features

Simple linear regression analysis indicates that no cohesive features show significant correlations with
translation quality in this study (see Table 3).

Table 3. Results of simple linear regression models based on indices of cohesive features

Predictor b SE B t p 95% ClI R?
LSASS1 -0.140 0.518 -.009 -0.271 .786 [-1.155, 0.875] <.001
LSASSp -0.626 0.517 -.038 -1.211 .226 [-1.641, 0.389] .001
LSAPP1 0.661 0.790 .026 0.837 403 [-0.889, 2.211] .001
LSAGN 0.634 1.063 .019 0.597 .551 [-1.453, 2.721] <.001
CNCCaus 0.016 0.004 139 4.421 <.001 [0.009, 0.023] .019
CNCLogic 0.010 0.003 104 3.288 .001 [0.004, 0.017] .011
CNCTemp 0.007 0.004 .049 1.562 119 [-0.002, 0.015] .002
CNCAdd —0.005 0.003 —-.053 —-1.680 .093 [-0.010, 0.001] .003

Note. N = 1,000 for all models. b = unstandardized coefficient; SE = standard error; = standardized
coefficient; Cl = confidence interval.
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Simple linear regression analysis shows that cohesive indices, including LSASS1, LSASSp, LSAPP1,
LSAGN, CNCTemp, and CNCAdd, exhibit no significant correlation with translation quality. Although
CNCCaus (p <.001) and CNCLogic (p = .001) exhibited significant correlations, the assumption of
residual normality was violated (K-S test p = .042 and .005, respectively), and they were therefore
excluded from further analysis.

The Multiple Linear Regression Model for Predicting Translation Quality

Following the assessment of individual indices, a MLR model was constructed using all significant
language features to predict translation quality (see Model 8, Table 4). The linearity assumption was
confirmed through preliminary regression analyses and multicollinearity was ruled out (all VIF < 10).
Residual diagnostics confirmed normality, homoscedasticity, and independence, supporting the mod-
el’s validity (Kutner et al., 2005)°.

Table 4. Result of the multiple linear stepwise regression model (Model 8)

Predictor b SE B t p 95% CI
Intercept 0.832 0.707 1.178 .239 [-0.555, 2.219]
WRDNOUN —-0.008 0.001 -.163 -5.536 <.001 [-0.011, -0.005]
WRDAOACc 0.003 0.001 .071 2.253 .024 [0.000, 0.005]
WRDHYPn 0.507 0.084 A79 6.071 <.001 [0.343, 0.671]
WRDHYPv 1.097 0.232 148 4.736 <.001 [0.642, 1.552]
CN/T 0.322 0.057 A71 5.600 <.001 [0.209, 0.435]

Note. N = 1,000. R? = .176, Adjusted R? = .171. b = unstandardized coefficient; SE = standard error; 3 =
standardized coefficient; Cl = confidence interval. The overall regression was statistically significant,
F (5,994)=42.34, p < .001.

Model 8 is selected as the optimal multiple linear regression model based on the criteria of the maxi-
mum adjusted coefficient of determination (adjusted R?). It retains five predictors: four lexical indices
(WRDNOUN, WRDAOAc, WRDHYPn, WRDHYPv) and one syntactic index (CN/T). Their stan-
dardized coefficients are —0.163,0.071, 0.179, 0.148, and 0.171, respectively. Standardized coefficients
are reported to facilitate comparison of effect magnitudes across predictors. Therefore, WRDHYPn is
the strongest predictor, followed by CN/T, while WRDAOACc contributes less significantly.

The standardized regression equation is:
Score=-0.163 x WRDNOUN +0.071 x WRDAOAc+0.179 x WRDHYPn + 0.148 x
WRDHYPv + 0.171 x CN/T
The model explained 17.1% of the variance in translation quality (adj. R>=0.171, p <.001).
Discussion
Interpreting the Simple Linear Regression Model: The Impact of Texts and Candidates
To address RQI, simple linear regression analysis was conducted, identifying seven significant lex-

ical and syntactic indices—WRDNOUN, WRDAOAc, WRDHYPn, WRDHYPv, CP/T, CN/T, and
CN/C—that predict translation quality. No cohesive features showed significant correlations.

3 VIF-value: WORDNOUN = 1.032, WRDAOAc = 1.198, WRDHYPn = 1.055, WRDHYPv = 1.170, CN/T = 1.123; K-S test p = 0.401,
ncvTest p = 0.262, DW value = 2.046
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At the lexical level, WRDAOAc, WRDHYPn, and WRDHYPv are positively correlated with quality,
whereas WRDNOUN shows a negative correlation. These results partially align with prior research:
WRDHYPn and WRDHYPv, which reflect semantic depth and lexical complexity, were also sig-
nificant in Zhu and Wang (2020) and Wang et al. (2021). However, indices related to lexical diver-
sity and frequency, which are significant in earlier studies, showed no predictive power in this study.
This discrepancy likely reflects differences in text length: TEMS translations averaged fewer than
100 words due to short source texts (129-142 characters), whereas Zhu and Wang (2020) used longer
texts (~205 words), suggesting lexical diversity may require more extended discourse to emerge as a
significant feature. The negative effect of WRDNOUN aligns with Wang and Zhu (2017), who also
reported higher noun frequency correlating with lower quality in C-E translation. This may reflect less
proficient candidates’ over-reliance on high-frequency nouns due to limited grammatical flexibility, as
seen in Example 1 in section Predictive Power of Lexical Features, where repetitive noun use replaced
more complex structures such as pronouns, clauses, or non-finite verbs.

At the syntactic level, the indices CP/T, CN/T, and CN/C show a positive linear correlation with trans-
lation quality. Aligning with Zhu and Wang’s (2020) findings, CP/T is also a significant indicator in
this study. However, while CT/T (complex T-units per T-unit) was a key predictor in their research, it
was not significant here. Conversely, CN/T and CN/C were significant predictors in the current study.
A possible explanation for this discrepancy also lies in translation length. Zhu and Wang’s (2020) texts
were more than twice as long as those used here. The shorter translations in this study may have led
raters to focus more on phrasal-level features, making indices such as CN/T and CN/C more predictive
than sentence-level measures like CT/T.

At the cohesive level, no indices correlated significantly with translation quality, contradicting find-
ings from Chi (2019), Jiang (2016), and Zhu and Wang (2020). This discrepancy may be attributed
to four factors. First, the short length of the translation samples in this study (under 100 words) pro-
vided limited scope for cohesive devices to emerge, unlike the longer texts analyzed in prior research.
Second, the TEMS candidates may have adhered to a word-for-word approach from the loosely orga-
nized Chinese source text, lacking the skill to create explicit connections within one sentence. Or
conversely, one plausible explanation is that all TEMS8 candidates may have already become profi-
cient in employing fundamental cohesive devices. As a result, no systematic disparity in quantitative
measures, such as the frequency and density of these devices, is evident between translations with
higher and lower scores. Third, candidates demonstrated limited ability to produce clearly discernible
cohesion in their translations.

Consequently, raters had to rely more heavily on lexical and syntactic accuracy as the main evalu-
ation criteria. This made cohesive indices less relevant to the results. Another possible reason may
lie in the research instrument itself, Coh-Metrix. The cohesive indices in Coh-Metrix may be insen-
sitive to the specific challenges of C-E translation. Coh-Metrix was developed for native English
texts and only measures surface-level quantitative features, such as the frequency of connectives.
However, these metrics cannot reflect the complex nature of C-E translation, which requires deep
and abstract restructuring to follow English thinking and expression patterns. Candidates often
actively employ methods, such as adding connectives and clarifying references, to achieve coher-
ence. Yet Coh-Metrix only counts these surface features, without judging whether they are appro-
priate or effective. Thus, it is possible that the tool cannot adequately measure the actual cohesive
competence demonstrated in cross-linguistic translation, explaining its weak correlation with
translation quality.

In summary, this study’s results partially align with prior research, with discrepancies attributable to
variations in translation length, source text features, and candidates’ proficiency.
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Interpreting the Multiple Linear Regression Model: The Complexity of Translation and the Pri-
macy of Lexis

The current study employed multiple linear regression to address RQ2. The results indicate that the
five indices WRDNOUN, WRDAOAc, WRDHYPn, WRDHYPv, and CN/T collectively form the
optimal MLR model, accounting for 17.1% of the variance.

To some extent, the limited explanatory power of the MLR model can be interpreted from the per-
spective of complexity in translation and translation assessment. As Richards (1953) noted, translation
inherently involves complex cognitive processing. Thus, Model 8 reflects the multifaceted knowledge
and skills candidates deployed in navigating the complex TEMS translation task.

The assessment of translation is also complex. Like writing tests, translation tests also fall under the
umbrella of behavioral tests (Xu & Ye, 2020). The evaluation of such tests constitutes an ill-struc-
tured task, implying that there is no definitive correct answer (DeRemer, 1998). To further elaborate,
Fulcher et al. (2011) noted that the rating scale cannot encompass all language features present in
translations, and the scale includes numerous descriptors that distinguish degrees. Consequently, rat-
ers may interpret these descriptors idiosyncratically. As the present model regresses language indices
against rater-assigned scores, it captures only those features salient to raters’ diverse evaluative cri-
teria. Indices that are able to explain the remaining part of the language quality are still waiting to be
discovered.

Moreover, since translations of TEMS are the result of the complicated translation process, it is no
wonder that they can be interpreted from various levels and indices. The MLR model incorporates
indices from multiple linguistic levels rather than a single dimension. At the same time, even at the
lexical level, the indices measure different aspects of words used in translations. For example, WRD-
NOUN is used to estimate the noun frequency, while WRDHYPn and WRDHYPv are used to assess
the complexity of nouns and verbs in translation.

Notably, all four lexical indices were retained in the final model, compared with only one syntactic
index. This suggests that lexical-level indices contribute more significantly to the model and exhibit
better predictive power for translation quality in this context. One potential explanation for this is
the limited length of the translations, which results in shorter sentences and less variation in syn-
tactic features across translations of different quality. Consequently, syntactic features may not be
as prominent in distinguishing translation quality. Another factor may be the limited proficiency of
the candidates. As most of them are novice translators with little systematic training, they tend to
use a word-for-word translation approach and lack the skill for restructuring sentences. This leads
to translations that closely follow the sentence structure of the source text, resulting in minimal syn-
tactic complexity differences between translations of varying quality levels. This inference aligns
with the findings of Pan (2010), who found that TEMS candidates’ translations often closely mirror
source text syntactic structures. Specifically, Pan (2010) found that 2004—-2006 TEMS candidates
struggled to effectively deploy omission strategies. Consequently, it also provides evidence that
students lack effective translation strategies and tend to rely heavily on a word-for-word approach
in their translations.

In conclusion, the model can only explain 17.1% of the variance in scores, reflecting the complexity
inherent in translation and its assessment. Lexical features contribute more significantly to the model
compared to syntactic features, primarily due to the limited length of translations and the limited pro-
ficiency of candidates.
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Conclusion
Major Findings

This study addressed two research questions concerning how language features predict TEMS trans-
lation quality. For RQ1, simple linear regression revealed seven significant indices from lexical and
syntactic levels: WRDNOUN (showing negative correlation), WRDAOAc, WRDHYPn, WRDHY Py,
CP/T, CN/T, and CN/C (all positive). Each explained 3% to 7% of score variance. Notably, no cohesive
indices correlated significantly with translation quality. For RQ2, multiple linear regression produced
an MLR model of five indices (WRDNOUN, WRDAOAc, WRDHYPn, WRDHYPv, and CN/T) that
collectively explained 17.1% of total variance. Overall, lexical features surpassed syntactic ones in
predictive power, with word complexity being particularly significant, while cohesion proved irrele-
vant in this context.

Implications

From a theoretical perspective, this study advances the understanding of suitable indices for eval-
uating language quality in TEMS translations. It develops an MLR model, comprising four lexical
indices (WRDNOUN, WRDAOAc, WRDHYPn, and WRDHYPv) and one syntactic index (CN/T),
collectively explaining 17.1% of score variance. These findings, which can be compared and dis-
cussed in similar future research, provide a valuable reference for studies in this area. Addition-
ally, unlike most previous studies on TEMS translation, which predominantly employed qualitative
methods, this research relies more on quantitative analysis. This methodological attempt encourages
future research to integrate statistical analysis with specific qualitative methods when exploring
large-scale translation exams. Furthermore, while most existing studies on TEMS translation exams
concentrate on error analysis, this study shifts the focus to language features. By exploring the lan-
guage quality of TEMS8 from the perspective of language features, this study enriches the research
from this perspective and offers a new reference point for future investigations. The study results
presented in this study may also serve as a possible starting point, offering modest insights for future
research aimed at building a more comprehensive theoretical foundation for automatic translation
scoring.

In terms of practical application, this study offers several possible suggestions for translation pedagogy
and insights for stakeholders involved in TEMS. For translation education, this study identifies some
areas for improvement among candidates, particularly those with poor-quality translations. First, the
study emphasizes the importance of not merely conveying the basic message but striving to achieve
the precise meaning of the source text, which calls for more focus on the accuracy of word choice in
translations. While general terms may offer a rough approximation of the source text’s meaning, they
fail to meet the standards of precision required for high-quality translations. Additionally, the findings
suggest that translation pedagogy should emphasize syntactic restructuring to align with conventional
English expression patterns. Unlike Chinese source texts, which often employ comma splices, English
translations benefit from grammatical devices such as subordination and coordination. Therefore,
translation pedagogy should prioritize these two dimensions. For test design, the findings suggest
that increasing the length of source text may enhance the assessment of sentence complexity and
cohesion. The disparity between previous research and the current study may stem from differences in
source text length. Short source texts limit the ability to assess sentence complexity and the cohesion
and coherence of translations effectively. Moreover, TEMS rating scale explicitly reference syntactic
complexity and cohesion, making longer source texts more conducive to a thorough evaluation of
translation quality.
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Limitations and Future Research

This study has three main limitations. First, the generalizability of the findings may be limited by the
narrow scope of the analysis, which only includes data from two test administrations. Future research
should incorporate translations from more years to strengthen findings. Second, the lack of supple-
mentary qualitative data restricts our understanding of the reasoning behind linguistic choices. Future
studies would benefit from mixed-methods approaches that include interviews or think-aloud proto-
cols with candidates to gain deeper insights into translation processes and strategies. Third, the sep-
arate scores for fidelity and language quality were not available. Consequently, it was not possible
to determine how much variance the current models could explain specifically for language quality.
Future research could record fidelity and language quality scores separately to yield more precise and
detailed results.
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Appendix A
The Rating Scale of C-E Translation in TEM8
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W2z AEH G BRI 55

“ESETIM” WaR3s, EEERNRARS: 0 1 2 3

Wz A8 RiF 5

TG NS T R 5E5TRMFA) UURP IR S1E/R . TS HUTAR 255

EF% BRI

7 REFEASHEAT VIR I IEEN I CREPGR FSORTEIRE S L, SLIRIR. 1R, 1R, 5
27 SR AE) ;A BORAEERR B IR—— RN ORI R B bR AT 2 R R
¥ (Rt PUBEFECPIURER, BRANRDUEIE AR RS IS R, REXRA)EATIRZ X
MR, BERIREST G oLif A1 115 SO R BT il -oeeee ) s WA T ERKIR, SRR
Kig (ngria]. A AR TEIEERRAD

R4F RE— € HBEAT 1A TE I IE BRI CREBDUEFEDCATE IR Z & 3, LRk, 1H5. iRk, $Ai
SEZ TR SO AE) s BEAS BEAA T B B8 R ——FE AN 8O3 i e R B it _E 0 EAT — S DL
B (g e DUEECCTHITIARE R, ANEDUEERIAIRIEIEZ SR, WIFaETIRE
IR, BERIRERT & oEiR A7 1015 B A A AT il oeeeee ) s A EMEIE SRR (WETE
AR AR B BERR WRERR . AR BICRIRSE)

CLi W REREAT IR TE OB, (2 RIRTHRME ORI, RS, k. BRSEE XS LAY
BAR: A HAESE, HERZFEFEEREIR, BT A SRR R R A LTI 2 A
PR AR —BUEE SRR R F KRR (EREER A S RN 4R E)
FRIR . IWERIRTE)

AER AR EIE ORI, BRI, A B R, HURRO R, on R
BTN, A YERE, AR EIEEF KRR

ez AT IR B, A BIREEEIR, SRR THURERA R, B R 0E BT B &
B, 8T KRN S22 0 5SS RR

It should be noted that the rating scale for the TEMS is formulated in Chinese, as this enables Chinese
raters to achieve a more accurate and in-depth understanding of the scale.
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Appendix B
Source Texts and Examples of Translations in the Years 2022 and 2023

The source text of the year 2022:

W S, MARA EYF, XSS,

WA EL R R AR, SO T E R KU, SO DR R B e, BUR
PATEEI BRI

SR, WEFH B4 E, EANIANZREY B, ALY EF, 2550 S AR ST 10 e i
IR . TAFH E e B A A H & ZRITE, ASIKIZAN AT RE LA B 8 .

Examples of translations in the year 2022:

Countryside and city, actually, contrast. City City destroyed countryside old scene. More and more
order instead freedom scene. Today, countryside is decrease ultimately, but, person don’t should Fur-
thermore, person seek. (#16, score = 2)

For endness, field is contrast to city. Many people who lived in the city have been escaped. The city
destory old seen that in field before. Now, the field become small every day. But people shouldn’t
ingort field. Be kind to field is kind to human. (#45, score = 3)

Actually, ground and cities are contrast. Urbanization causes the decrease of local habitants and changes
original views of ground. There are more lines of buildings instead of natural sights. Nowadays, with
the reducing of ground, people should try to find ways to stay with nature. It’s not a good choice with-
out attention and reaction. Existence of ground much relates to humans neither, in the past or future,
people can never be the winner. (#211, score = 4)

Cities drive the original residents and destroy the antique scenery of the wild. More and more pros-
perities which are in order take place of the free scene of nature. Nowadays, the wild decrease day by
day. But people shouldn’t ignore and scorn the wild. People should try to find out the best gap to live
together with the wild. Treating the wild well equals to treating ourselves well. People should know
that they can never beat the wild with cities. (#301, score = 5)

Cities not only excluded original residents from the remorse countryside, but also destroyed old and
beautiful sceneries of the remorse countryside. Consequently, more well-ordered abundance substitues
tedious views of the countryside.

Nowadays, countryside sceneries gradually fade day by day. However, people should not ignore the
remorse countryside and regard it indifferently, instead, people should discover best gaps of relations
s0 as to people’s loving and protection. Kindly treating the remorse countryside is treating human-be-
ings themselves kindly. We all need to know that Humans will never depend on cities to conquer the
remorse countryside. (#501, score = 6)

Cities have diven original in habitants in the wild away and destroyed its ancient scenery. More pros-
perity in order has superseded the natural scenary sights.

Currently, the wild is increasingly shrinking and decreasing. However, people shouldn’t ignore it or
disregard it; instead, they ought to find the most suitable distance to approach and accompany it. Being
kind to the wild means to treat human himself kindly. We must be aware that it’s never possible for
mankind to defeat the wild by cities. (#769, score = 7)
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Cities expelled indigenous inhabitants of vast lands and devastated the old landscape of vast lands
which resulted in a phenomenon that the orderly prosperity increasingly replaces the free natural land-
scape. Today, the area of vast lands is gradually shrinking. But we human beings should not neglect
or overlook vast lands. Thus, we have to find the best point where we live in harmony with it. Being
kind to the lands means treating ourselves well. We’re supposed to know that human beings will never
manage to replace vast lands with cities. (#861, score = 8)

Cities chased away the native inhabitants of the wild nature, destroying the old scenery and replacing
the undisturbed natural beauty with orderly urban prosperity. Nowadays, the wild nature is shrinking.
Instead of ignoring wild nature or casting a cold glance at it, we humans should find a way to coexist
with it in harmony. Taking care of the wild nature is taking care of humans ourselves. After all, we can
never conquer nature with cities. (#973, score = 9)

The source text of the year 2023:

o [ A% 0 SO R FRAT S 2E AL 7K R R =R R0 o W JE I TEZIANAE SR A R I R LN, A FRAT
TFEIHET AR P SLAR PR AN S At o A% G SCAAESZ MBS A [R]IN - AR 8 PR AL 38 I AR 4
PR AW . T EAE G AN — 26 FE I T LT SRR AN TR B O, dbh IR IHIREr, At
W, SRR

Examples of translations in the year 2023:

China tradition is our acent wealthy. She always inflence China people now and creat culture to pro-
vide. Tradition culture inflence now world meanwhile change in new world. China tradition culture
like run river. She always beautiful and creat happiness. (#30, score = 2)

Chinese traditional cultural

Chinese people has been affected by Chinese traditional cultural for long time. It provided historical
experiences for culture invation. Nowdays was affected by it. In the meantime, it will chang in the
future. It just like a river. This river had been launched for five thousands years. (#126, score = 3)

China tradional culture is the fully hiretativa which we get frome our profesor. She is infulence our
daily life, frome now and on, give the history ideal and realitice function, when the tradional culture
infulence the realitic sociaty, it also created in the new history atmosphere. China tradional culture just
like a never dirty river which go through five thousheds years. She contined tradional and creative,
continued to creative forever. (#223, score = 4)

The traditional culture of China now has a great influence on each Chinese people all the time and also
provide us historical evidence and social bases from creating the new culture. When the traditional
culture of China effects on reality, at the same time the fact traditional culture of China has changed
in the period of new century is undoubtable. The traditional culture of China is like a never dry river
driving for five thousand years. It is involved in old culture and new culture, but constantly still give up
the out-of-time part and is willing to accept the excellent part and creat the new part. (#401, score = 5)

She is influencing the Chinese people today all the time, and providing historical and real base for the
innovation of our culture. When she is making a difference on the reality, she will, at the same time,
renew herself in the new times. Like a long-lasting great river which has running for five thousand
years, Chinese traditional culture is both old and new, and she will continue to abandon the old-fash-
ioned things and embrace the new things, and keep the innovation go on and on. (#601, score = 6)
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She continuously influences Chinese people today, providing historical roots and real-world basis for
us bringing out new cultures. Traditional culture definitely has her own change and growth in this new
era, while keeping to influence the reality. Traditional Chinese culture is old yet new and conventional
yet innovative, constantly evolving and progressing like a river running over five thousand years with
unfailing energy. (#834, score = 7)

It has been having influence on Chinese people today all the time, offering historical base and realistic
foundation to us for developing new cultures. While influencing the reality, traditional cultures will
be bound to make changes and improvements under the atmosphere of new times. Chinese traditional
culture is like a never-empty spectacular river which has never stopped for the past five thousand years,
integrating the old things with the new things, constantly assimilating new ideas while abandoning old
thoughts and keeping the ability of innovation. (#925, score = 8)

Chinese traditional culture is the rich property, which be given from our ancestors. It constantly influ-
ences our Chinese in every aspects today and also provides us with the solid foundation and historical
evidence to creat new cultures. The traditional culture is not only influencing the reality but also chang-
ing constantly under the new era. Chinese tradition culture is a 5000-year river, consistently flowing in
our country, which includes all the things whether they are new or not. It will remove the dated things,
receive the advanced things and constantly innovate the culture. (#996, score = 9)
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Appendix C

Inventory of Language Features and their Definitions

Aspect Index Definition
Lexical Lexical LDTTRa Type-token ratio for all words
features diversity LDVOCDa Vocd for all words
Lexical density WRDNOUN The number of nouns per 1000 words
WRDVERB The number of verbs per 1000 words
WRDADJ The number of adjectives per 1000 words of the text
WRDADV The number of adverbs per 1000 words
WRDPRO The number of pronouns per 1000 words of the text
Lexical WRDPOLc Average polysemy for content words
semantic WRDHYPn Hypernymy for nouns
WRDHYPv Hypernymy for verbs
WRDHYPnv Hypernymy for a combination of both nouns and verbs
WRDAOAc When a content word is learnt by children
WRDFAMc A rating of how familiar a content word seems to an adult
WRDCNCc How concrete or non-abstract a content word is
WRDIMGc How easy it is to construct a mental image of the content
word
WRDMEAc The degree to which a content word is associated with
other words
Length of MLC Mean length of clause
syntactic T UrOmUM mLs Mean length of sentence
complexity MLT Mean length of T-unit
features Sentence C/S Sentence complexity ratio
complexity
Subordination  C/T T-unit complexity ratio
CT/IT Complex T-unit ratio
DC/C Dependent clause ratio
DC/T Dependent clauses per T-unit
Coordination CP/IC Coordinate phrases per clause
CP/T Coordinate phrases per T-unit
T/S Sentence coordination ratio
Particular CN/C Complex nominals per clause
structures CN/T Complex nominals per T-unit
VPIT Verb phrases per T-unit
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Aspect Index Definition

Cohesive Latent semantic LSASS1 LSA similarity between adjacent sentences

features analysis LSASSp LSA similarity between all possible pairs of sentences

in a paragraph
LSAPP1 LSA similarity between adjacent paragraphs
LSAGN LSA Given-New
Connectives CNCCaus Causal connectives

CNCLogic Logical connectives
CNCAdd Additive connectives

CNCTemp

Temporal connectives




