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  Abstract 
The translation of the official political texts, namely the Government Work Report 
demands a high degree of accuracy, terminological consistency, contextual aware-
ness, and the effective conveyance of cultural connotations. This study constructs 
a corpus comprising the Chinese source texts of the Government Work Report for 
the years 2024 to 2026, their official English translations (as published on the offi-
cial website), and the English translations generated by the LLM ChatGPT-4o. Em-
ploying linguistic analysis tools such as EmEditor, Corpus Word Parser, AntConc 
3.5.7, and Wordsmith Tools 9.0, and adopting a mixed-method approach combining 
quantitative and qualitative, this study compares the linguistic and textual differ-
ences between human and ChatGPT translations at both the lexical and syntactic 
levels. The findings indicate that in the translation of the official political texts, 
namely the Government Work Report, human translators outperform ChatGPT in 
terms of both lexical precision and syntactic organization, demonstrating particular 
strengths in readability, logical coherence, and overall textual structuring. Mean-
while, ChatGPT exhibits clear advantages as an assistive tool for translating such 
texts. The integration of human-machine collaboration represents an emerging par-
adigm for the future development of the translation industry. 

Keywords 
Linguistic features; human translation; ChatGPT translation; corpus; Government 
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1. Introduction 

Both source languages and target languages shape the particular linguistic features seen in translated texts. These 
features show up in unique ways at the lexical and syntactic levels (Hu & Li, 2023, p. 68). Researchers have looked 
into these features from various perspectives. For example, these researches are related to diachronic changes in 
hypotaxis within Chinese literary translations (Xia, 2013, p. 115), the possibility that semantic generalization in 
translated texts represents a more widely applicable universal feature of translation (Xu, 2016, p. 20), and the dia-
chronic characteristics of explicitation in translated texts (Pang & Wang, 2018, p. 13). Large language models like 
ChatGPT—built on top of neural machine translation—are pretty good at understanding context and generating text. 
In translation tasks, they show real promise: they can produce fluent output, keep terms consistent, and adjust their 
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style to fit different contexts. That’s why they bring major opportunities not just to translation, but also to interpreting 
and other related fields (Xu & Kang, 2024, p. 64). But here’s the thing. Most studies so far have focused on human-
translated texts—their linguistic features, how they work, etc. What we haven’t seen much of is a side-by-side com-
parison between human translations and LLM-generated ones. This study constructs a corpus to address this gap. The 
corpus comprises human translations of the current political text Government Work Report (2024-2026) and transla-
tions generated by ChatGPT as a representative LLM. The aim is to conduct an in-depth investigation into the simi-
larities and differences in the specific linguistic features of human versus ChatGPT-generated translations. This re-
search seeks to provide empirical evidence for optimizing human-machine collaboration models in translation prac-
tice and pedagogy. At the same time it tries to offer insights for the future development of human-machine synergistic 
models within the translation industry. 

2. Research Methodology 

2.1 Corpus Selection 

This study selects the official political text, namely the Government Work Report (2024-2026) as the corpus material. 
The corpus itself has three parts: the Chinese source texts of Government Work Report (2024-2026), their human 
English translations, and English translations generated by ChatGPT. The Chinese source texts and the human trans-
lations both come from the official website of Theory China. As for the ChatGPT translations, we generated them 
using the GPT-4o model. The prompt we gave it was pretty minimal: just “Translate into English.” That means these 
outputs may not fully reflect professional translation scenarios requiring domain-specific instructions. 

2.2 Research Methods and Procedures 

For this study, a mixed-method approach is adopted. This means an approach combined quantitative analysis with 
qualitative analysis to compare the linguistic differences between human translations of the Government Work Report 
(2024-2026) and ChatGPT translations of the same reports. Our comparison focused on two levels: lexical and syn-
tactic. The specific research procedures are as follows: 

First, corpus construction. The text editing functions of EmEditor are used to clean extraneous information from 
the three raw corpora. Then Corpus Word Parser is used to do word segmentation. After that, AntConc 3.5.7 is 
employed to perform wordlist retrieval, which gives us the number of types and tokens for each of the three files. 

Second, quantitative analysis and illustrative case studies. The tools such as AntConc 3.5.7 and WordSmith Tools 
9.0 are used to calculate the relevant data at both the lexical and syntactic levels across the corpora. After that the 
data are analyzed with reference to illustrative examples. 

Third, discussion of results. A qualitative analysis is conducted based on the quantitative data and illustrative case 
analyses. It is used to identify differences between human and ChatGPT-generated translations at the lexical and 
syntactic levels. The linguistic differences between the two types of translated texts are summarized, and the respec-
tive strengths and weaknesses of human translators and large language models in translating current political texts 
are discussed. 

3. Comparative Analysis 

A combination of quantitative analysis and qualitative interpretation is used to objectively reveal patterns in large-
scale language use based on corpus translation studies. This paper adopts a mixed-method approach. Then Corpus 
statistics and illustrative case analysis are integrated to compare the differences between human translation and 
ChatGPT translation in terms of lexical and syntactic features when rendering current political texts. 

3.1 Vocabulary Comparison 

Words are the basic units of language and constitute a crucial aspect of the comparative analysis of textual features 
between human and ChatGPT translations. So the lexical divergences in translation competence and stylistic charac-
teristics are identified between the two by examining lexical differences. 

3.1.1 Comparison of Lexical Richness 
Lexical richness is an important indicator for evaluating the use of vocabulary in translated texts. This measure can 
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be reflected by the type-token ratio (TTR) of a translation. The type-token ratio is the ratio of types (the number of 
distinct individual words in a text) to tokens (the total number of words in a text, including repetitions) (Sui & Guo, 
2013, p. 61). A higher TTR value indicates greater lexical diversity and richness in the translation, whereas a lower 
TTR value suggests more lexical repetition. Text length can affect the TTR value, as “the type-token ratio is influ-
enced by the evenness of type distribution” (Yuan et al., 2024, p. 301). The standardized type-token ratio (STTR) is 
considerably more reliable than the raw TTR (Baker, 2000, p. 250). A higher STTR value indicates greater lexical 
richness, while a lower value reflects comparatively poorer lexical variety. In this study, WordSmith Tools 9.0 is 
used to measure the lexical richness of the two translated texts. The statistical results are presented in Table 1. 

Table 1. Comparison of Lexical Richness 

Translation Version Tokens Types TTR           STTR 

Human Translation 45043 3051 6.77%         43.05% 

ChatGPT Translation 39781 3545 8.91%         42.90% 

 
If we look at Table 1, here’s what the numbers tell us. For the raw TTR, the human translation comes in at 6.77%, 

while ChatGPT’s is a bit higher at 8.91%. What does that mean? In the context of translating official political texts, 
the human translator seems to stick with a tighter, more consistent strategy when handling core terminology. ChatGPT, 
on the other hand, tends to use a wider range of English words—sometimes inconsistently—for the same Chinese 
terms. So even though the human translation has a slightly lower TTR (which suggests less raw lexical variety), it 
actually shows better control over word choice and keeps terminology more consistent. 

However, in terms of STTR, the human translation (43.02%) exceeds that of ChatGPT (42.90%). This reflects that 
the human translator is able to flexibly adjust lexical choices according to the stylistic conventions of official political 
texts. So STTR is higher. Furthermore, although the human translation features generally concise and accessible 
wording, which lowers its TTR, it remains capable of flexible handling in specific contexts, ensuring the accuracy of 
the translation of official political texts. So even though the human translation often uses plain, straightforward lan-
guage—which lowers its TTR—it’s still capable of making nuanced adjustments when needed, without compromis-
ing accuracy. Putting it together: once we control for text length, human translation not only achieves better lexical 
richness but also keeps the translation accurate. ChatGPT does show some degree of lexical variety, but human 
translation comes across as more polished and flexible while staying faithful to the original. 

3.1.2 Comparison of Lexical Density 
Lexical density is another useful way to look at linguistic features. Basically, it tells us how rich the vocabulary is 
and how much information is packed into a text (Zhang et al., 2022, p. 35). Lexical density is calculated like this: 
number of content words divided by total number of words, then multiply by 100%. That gives us the percentage of 
content words in the text. If lexical density is higher, the translator is using more content words—verbs, nouns, 
adjectives, adverbs—which usually means the translation is more detailed and complete. If it’s lower, there are fewer 
content words, and the translation tends to be clearer and more concise (Liao, 2007, p. 45). For this study, we compare 
the two translations of the Government Work Report (2024-2026). We use the Free CLAWS web tagger together 
with AntConc 3.5.7 to count how many verbs, nouns, adjectives, adverbs, pronouns, and numerals appear in the 
human translation and in the ChatGPT translation. Then the lexical density is calculated for each. Table 2 shows the 
results. 

Table 2. Comparison of Lexical Density 

Translation 
Version Verb Noun Adj. Adv. Pron. Num. Lexical Den-

sity 
Human Trans-

lation 4.74% 30.52% 14.39% 3.11% 14.96% 1.31% 69.03% 

ChatGPT 
Translation 3.56% 31.83% 15.345 3.23% 15.35% 1.45% 70.76% 

 
Let’s look at Table 2. The lexical density for ChatGPT is 70.76%, and for the human translation it’s 69.03%. So 

both versions use quite a few content words to get the meaning across and keep things accurate. That said, ChatGPT’s 
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number is a bit higher than the human’s. It seems the human translator tries to keep the text clear and easy to read, 
even while staying complete—by using fewer content words (Liu & Tang, 2022, p. 262). ChatGPT, on the other hand, 
tends to pack in more content words to convey meaning. Sometimes that works, but it can also lead to over-interpret-
ing the original, or even straying from the intended meaning a bit. 

3.2 Sentence-Level Comparison 

Sentences are the basic building blocks of any language. How they’re put together—things like sentence length and 
how much it varies—directly affects how easy a text is to read and how much information it packs in. Take average 
sentence length. It tells you something about overall syntactic complexity. Then there’s the standard deviation of 
sentence length, which basically measures how much sentence lengths swing up and down. When you look at these 
two metrics together across a corpus, you can start to see differences in how human translators and machine transla-
tors handle syntax. Here’s the general idea: shorter average sentence length, plus a smaller standard deviation, tends 
to give you a text that’s concise, balanced, and easier to read. On the flip side, longer average sentence length and a 
larger standard deviation usually mean more complexity and more fluctuation, which can get in the way of clarity 
and make the information flow less steady. For this study, we used WordSmith Tools 9.0 to pull out three numbers 
from the human translation and the ChatGPT translation of the Government Work Report (2024-2026): the total 
number of sentences, the average sentence length, and the standard deviation of sentence length. Table 3 shows what 
we found. 

Table 3. Comparison of Sentence Length 

Translation Version Sentences Mean (in words) Std.dev. 

Human Translation 1,803 24.01% 15.63% 

ChatGPT Translation 1,479 25.89% 17.15% 

3.2.1 Number of Sentences 
Take the Government Work Report as an example. It’s a very structured type of official political text loaded with 
much information. When translating it, humans tend to produce a much larger number of sentences than ChatGPT 
does. Because human translators usually break a long sentence from the source language into several shorter ones—
simple or compound sentences—based on sense groups. ChatGPT, on the other hand, tries to squeeze all the infor-
mation from the source into one long, syntactically complex sentence and often the sentence is loaded with clauses 
and participial phrases.  

3.2.2 Average Sentence Length  
Average sentence length refers to the mean length of sentences. It is calculated as the ratio of the total number of 
tokens (including words and punctuation marks) to the number of sentence-final punctuation marks (e.g., periods, 
question marks, exclamation marks) (Hu et al., 2018, p. 24). A larger average sentence length indicates greater syn-
tactic complexity. But a smaller average sentence length suggests simpler sentence structures that are easier for read-
ers to comprehend (Li & Che, 2025, p. 94). This study uses WordSmith Tools 9.0 to calculate the average sentence 
length values for the human and ChatGPT translations of the Government Work Report (2024-2026). The results are 
presented in Table 3. The statistical results show that the average sentence length of the human translation is 24.01 
words, which is lower than that of the ChatGPT translation (25.89 words). This indicates that the sentence structures 
in the human translation are less complex than those in the ChatGPT translation. So the human translation is more 
readable for readers than the ChatGPT translation.  

3.2.3 Standard Deviation of Sentence Length 
The standard deviation of sentence length is an important indicator for measuring variations in sentence length within 
a text (Zhu et al., 2024, p. 20). Based on the average sentence length, this metric calculates the degree of deviation 
of individual sentence lengths from the mean. The calculation reflects how different translators handle sentence struc-
tures. A larger standard deviation indicates greater sentence length variety. But a smaller standard deviation suggests 
better overall control over textual coherence. Now look at Table 3. For the ChatGPT translation, the standard devia-
tion is 17.15%; for the human translation, it’s 15.63%. So the human translation clearly has a smaller spread. That 
tells us the human translation changes sentence length in a more stable, controlled way, which makes the whole text 
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flow better and feel more consistent. In practical terms, the human translation gives readers a smoother, clearer read-
ing rhythm. ChatGPT, on the other hand, creates a more uneven rhythm—some sentences end up being overly long. 
So we think human translation works better for official political texts. ChatGPT translations might still be useful, but 
probably more as a starting point for drafting or for extracting information. 

4. Discussion of Results 

We compared human translation and ChatGPT translation on the Government Work Report (2024-2026), looking at 
both the lexical and syntactic levels. Five conclusions are drawn by the study. 

First, in terms of lexical richness, human translation enhances lexical diversity. It also ensures the accuracy of the 
translated text for official political texts. In contrast, ChatGPT translation exhibits a certain degree of lexical variety. 
But human translation demonstrates greater refinement and flexibility while remaining faithful to the source text. 

Second, with regard to lexical density, human translation is able to maintain informational completeness. At the 
same time it improves the conciseness and readability of the translation by using fewer content words. In comparison, 
ChatGPT translation employs a large number of content words to convey semantic meaning. This reduces the reada-
bility of the translation. 

Third, in terms of sentence count, human translation produces more sentences when rendering official political 
texts. This results in translations with greater logical clarity, explicit subjects, and improved readability. By contrast, 
ChatGPT translation tends to produce translations that are structurally complex and logically obscure. But it is not 
consistently adhering to the pragmatic principles of “clarity, accuracy, and idiomaticity” which is essential to the 
translation of official political texts.  

Fourth, regarding average sentence length, the syntactic complexity of human translation is lower than that of 
ChatGPT translation. This makes the human translation more readable for readers. 

Fifth, as measured by the standard deviation of sentence length, human translation exhibits more stable variation 
in sentence length and better overall textual organization. This helps maintain the fluency and consistency of the 
translation. ChatGPT translation has a larger standard deviation of sentence length and tends to preserve the syntactic 
structure of the source text. This results in fewer sentences and excessively long individual sentences. 

In summary, for official political texts, human translation clearly does better—both in lexical precision and syn-
tactic organization. It really demonstrates particular strengths in readability, logical clarity, and overall textual struc-
turing. However, ChatGPT translation still has clear value as an assistive tool. And as the researchers say that the 
human-machine symbiotic translation model is gradually taking shape. So moving toward a collaborative model—
humans and machines working together—is probably where the translation industry is headed. 
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