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What are the differences? A comparative study
of generative artificial intelligence translation
and human translation of scientific texts

Linling Fu'™ & Lei Liu

Generative artificial intelligence translation (GenAlIT) brings convenience yet also imposes
severe challenges on the dissemination of knowledge. The respective (dis)advantages of
GenAlIT and human translation (HT), and the ways to promote their effective interaction have
not been sufficiently explored yet. This study investigates the linguistic features of GenAIT
and HT of scientific texts rendered from English to Chinese from lexical and syntactic levels.
The GenAlIT is generated by ChatGPT 3.5, a representative GenAl platform, while HTs are
done by 19 Master-of-Translation-and-Interpreting students in China. Data shows that
GenAlIT and HTs present distinguished linguistic features in both levels. At the lexical level,
HT exhibits lengthier texts with a lower average word diversity; GenAlT presents higher
accuracy in translating terminology. At the syntactic level, the average sentence count in HT
is greater, whereas its average sentence length measured in tokens is shorter. Moreover,
human translators tend to transform sentences from passive voice into active voice more
frequently than ChatGPT 3.5 does. Furthermore, human translators exhibit superior skills in
deconstructing lengthy and complex sentences into shorter, more comprehensible clauses.
This study reveals that ChatGPT 3.5 and human translators exhibit complementary cap-
abilities in the translation of scientific texts, thereby suggesting an optimisation of the
strengths inherent to both parties. Implications are provided for future translator training,
language service providers and the ongoing development of GenAIT and HT.
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Introduction

enerative artificial intelligence (GenAl) elevates machine

translation (MT) into a new stage. Under the generative

artificial intelligence translation (GenAIT) model, source
texts can be translated and further revised by inputting prompts
to an Al system like ChatGPT. Before the extensive application of
GenAlIT systems, Neural Machine Translation (NMT) is widely
acknowledged for its notable performance in delivering transla-
tions with high accuracy and fluency (Klubicka et al., 2017;
Moorkens, 2018), especially in managing inversion in lexical level
(Toral and Sanchez-Cartagena, 2017), improving sentence read-
ability (Qin, 2018) and enhancing textual coherence (Zhang et al.,
2020). In addition to its advantages, shortcomings of NMT have
also been identified (Jiang and Niu, 2022). Nevertheless, to date,
the linguistic features of GenAlIT, and its (dis)advantages com-
pared to human translation (HT) are still underexplored.

To fill this gap, a comparative study of GenAIT and HT has
been conducted. In this study, ChatGPT 3.5 is employed to
generate GenAIT and HTs are done by 19 MTI (Master of
Translation and Interpreting) students in a university located in
South China. The assumption underpinning this study is that
GenAIT and HT present distinguished linguistic features and
there is a possibility to integrate their respective strengths for
higher quality translation. This empirical study focuses on the
translation of scientific texts provided its significant role in pro-
moting technological exchanges among countries, as highlighted
by Cao (2000). Through its findings, the present study endea-
vours to enrich the understanding of GenAIT and facilitate
effective collaboration between generative artificial intelligence
and human translators.

Literature review

Linguistic features between MT and HT. GenAlIT, the main
concern of the present study, signifies an advanced phase in MT.
Research in the comparison of MT-HT linguistic features can be
mainly categorised into two types: one in the paradigm of
translation studies and the other in the paradigm of linguistic
analysis.

Research in the paradigm of translation studies has mainly
focused on translation universals (Lapshinova-Koltunski, 2015;
Kriiger, 2020), translation quality (Ahrenberg, 2017; Muftah,
2022) and translationese (Loock, 2020). Drawing on translation
universals (Baker, 1993), Lapshinova-Koltunski (2015) investi-
gates the differences among HT, rule-based MT and statistical
MT, concentrating on simplification, explicitation and conver-
gence. Furthermore, Kriiger (2020) delves into the explicitation in
Neural Machine Translation (NMT), identifying that such
translation shifts primarily occur through lexical insertion, lexical
specification and relational specification. Regarding translation
quality, BLEU and TER metrics are utilised in Ahrenberg (2017).
Specifically, in terms of adequacy, Muftah (2022) finds no
statistical difference between HT and MT from Google Translate
and Babylon Translate. Regarding translationese, MT systems are
effective in helping students to identify translation-specific
language patterns (Loock, 2020).

Compared to the paradigm of translation studies, research in
the paradigm of linguistic analysis has encompassed a broader
range of topics, including lexical analysis (Klebanov and Flor,
2013; Vanmassenhove et al., 2019; Frankenberg-Garcia, 2022),
morphologically complex words (Passban et al., 2018), cohesion
(Wong and Kit, 2012; Niu et al, 2020), syntactic features
(Sianipar and Sajarwa, 2021) and figurative language and style
(Alowedi, Al-Ahdal, 2023). Many scholars are interested in
lexical analysis. For instance, the lexical tightness (a measure of
association within a text) of HT has been found greater than that
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of MT (Klebanov and Flor, 2013). However, when comparing
MT with HT in English-French and English-Spanish language
pairs, current MT systems fail to achieve the same level of lexical
diversity as human translators do (Vanmassenhove et al., 2019).
Moreover, through a corpus-driven keyword analysis, MT has
problems like lexical inconsistency (Frankenberg-Garcia, 2022).
With respect to morphological features, Passban et al. (2018)
proposes a double-channel encoder and double-attentive decoder
structure, enhancing the performance of NMT in translating
morphologically complex words. Regarding cohesion, human
translators tend to use more cohesive devices (Wong and Kit,
2012) and MT exhibits weaker coherence compared with HT
(Niu et al., 2020). In terms of syntactic features, the use of passive
voice, tense, sentence structure and voice conversion differs
between MT and HT in Indonesian-English language pairs
(Sianipar and Sajarwa, 2021). Concerning figurative language
and style, Al-powered translation system is recognised as a
powerful tool though it fails to properly translate the figure of
speech and preserve the style of the source text (Alowedi, Al-
Ahdal, 2023). This aligns with Mehawesh’s (2023) findings,
which suggest that human translators are more effective in
translating emotive words.

While previous studies in the field of MT-HT linguistic
comparison have been extensive, there are notable gaps. Firstly,
despite previous research on GenAIT-HT linguistic comparison
among literary (Zagood et al., 2021) and legal texts (Moneus and
Sahari, 2024), insufficient attention has been devoted to
investigating linguistic differences between GenAIT and HT of
scientific texts thus far. Secondly, primary emphasis within
existing studies is mainly placed on Indo-European languages like
French, English and Portuguese, with relatively few concerns on
Chinese. With the rise of large language models (LLMs) like
ChatGPT potentially offering alternatives to neural machine
translation (Lionbridge.com, 2023), and given the vast number of
Chinese speakers worldwide, further exploration of the linguistic
attributes of GenAIT and HT within the context of Chinese-
English scientific translation is imperative.

Scientific text translation. Scientific texts are informative,
expository or referential, objectively ascertained and universally
valid (Millan-Varela, 2013). As scientific texts offer insight into
the development of specific fields (Dunham et al., 2020), studying
translated scientific texts is indeed a meaningful way to facilitate
the spread of knowledge.

Characteristics and translation standard of scientific texts
should be clarified firstly. The scientific text, at lexical level,
usually contains an array of proper nouns, abbreviations, tables,
figures and so on. In syntactic dimension, the language of these
texts is often complex, typified by extended sentence structures, a
preference for the passive voice and a focus on noun phrases (Fu
and Tang, 2012). Besides, the main function of scientific text is
informative (Olohan, 2013). To fulfill the informative role of
scientific text translation, maintaining accuracy and objectivity is
paramount. However, securing these attributes in translations can
pose a significant challenge for translators. For instance, an
accurate and justifiable interpretation is a principal challenge for
students in rendering English to Arabic (Abdulmajeed and
Mohammed, 2023). Additionally, scientific texts often contain
technical vocabulary, ordinary words with non-vernacular mean-
ings, ellipsis, lengthy noun phrase and complex sentence (Fang,
2006).

Studies on the MT and HT of scientific texts span a diverse
array of topics. For instance, Tehseen et al. (2018) proposes an
effective scientific machine system which can work for any
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domain. Besides, from the cognitive perspective, grammar is the
main cause of most problems in translating a piece of scientific
text into English (Minchenkov, 2019). As for the translation
quality, Fan et al. (2020) demonstrates that computer-aided
methods can generate translated scientific texts with quality
closely resembling that of professional translators. Moreover, six
error types in MT are identified through a fine-grained manual
evaluation based on materials extracted from biomedical journals,
biomedical books and so on (Liu et al., 2021).

However, studies focusing on the linguistic characteristics of
GenAIT and HT within the realm of scientific texts are still scant.
A comprehensive analysis of the linguistic elements in GenAIT
and HT of scientific content is imperative to identify their
respective strengths and weaknesses. Moreover, such an exam-
ination can facilitate the realisation of an effective symbiosis
between the two.

Method

Research questions. To address the aforementioned gaps and
investigate practical strategies for sustaining a productive inter-
play between GenAIT and HT, we design an empirical study
engaging 19 Master-of-Translation-and-Interpreting (MTI) stu-
dents. All the participants had been admitted to the same MTI
programme in 2022 and none of them had prior experience in the
translation industry before this task, indicating they were all
student translators devoid of professional translation experience.
GenAlIT is generated by ChatGPT 3.5, a representative GenAl
platform. Different linguistic features in lexical and syntactic level
are supposed to be explored. The exclusion of textual level
parameters from this study lies in two main reasons. Firstly, the
limit of time for student translators to finish their translation
tasks leads to the relatively short length of the source texts (ST)
designed, and thereby the short length of target texts (TT) cor-
respondingly. Limited text length results in unremarkable textual
features, and thus textual features are not investigated as a
research dimension in the present study. In addition, previous
studies on the comparison of GenAIT-HT linguistic features have
mainly focused on lexical and syntactic levels of the translated
texts. Adhering to these two levels, we hope that our findings can
verify those from previous literature more accordingly. This study
attempts to answer the following two questions: In the translated
scientific texts,

(1) What are the lexical and syntactic features presented in HT
and GenAlIT respectively?

(2) Based on these features, how to sustain the effective
interaction between GenAIT and HT in scientific text
translation?

Research design. Firstly, scientific texts’ translations generated by
ChatGPT 3.5 and done by student translators are respectively
collected. Then, a two-level analytical framework containing
lexical and syntactic levels is built. Further, instruments of
Wordless 2.3.0, CorpusWordParser 3.0, CLAWS-5 and AntConc
4.1.2 are used to collect data. Lastly, analysis of quantitative data
of the linguistic features and qualitative analysis are implemented.

Materials and participants. This study involves 19 participants
who are MTI students in a normal university of Southern China.
All participants have signed informed consent voluntarily. Sub-
sequently, they are tasked with two translation assignments, one
from English to Chinese, and the other from Chinese to English,
without obligatory sequence imposed on the completion of these
tasks. The present study only focuses on the translation from
English to Chinese as it is traditionally deemed that translators

maintain predominance in translating into their mother tongue
(Newmark, 1981), and we tried to summarise features of HT from
the language direction that translators are best at, which can
avoid interference in the results due to their incompetence. Par-
ticipants translate the text on computers without any online and
offline auxiliary means, except for printed dictionaries. All par-
ticipants have been told that their translations will be graded,
thereby encouraging each participant to approach the task with
diligence and finish it at their best.

The source texts chosen in this study are extracted from the
teaching material of scientific and technological translation,
published in authoritative publishing houses in China, ensuring
the topic and difficulty of the ST are suitable for the participants.
Before undertaking this translation task, none of the participants
have used the aforementioned materials employed in this study,
as it has not been incorporated into any of their coursework nor
listed in the Recommended Books. Length of the text is identified
in accordance with the workload-time ratio of the Level-2 of
China Accreditation Test for Translators and Interpreters
(CATTI), an authentic national translation proficiency test for
which MTI students may target. CATTI Level-2 requires
examinees to finish translating 500-600 English words into
Chinese per hour. Given the time constraint of 1.5h for the
participants in finishing two translation tasks (one from English
to Chinese and the other from Chinese to English), the English ST
is designed to be 243 words in length. Thus, the 19 pieces of HT
analysed in this study are English-to-Chinese translations
completed by MTI students without the assistance of any
electronic tools, and none of the HT texts have undergone
post-editing.

The GenAIT collected in the present study is generated by
ChatGPT 3.5. ChatGPT, as a large language model, requires
prompts as guidance to function its translation ability (Jiao et al.,
2023). The prompt utilised in our study is enlightened by Wang
et al. (2023), which demonstrates the importance of context-
aware prompts. In their study, the prompt “Translating this
document from English to Chinese” is used to generate document
translation. Consequently, in our study, the prompt “please
translate the following passage into Chinese” has been employed.
This prompt serves to inform ChatGPT that the ST is a passage
and that the target language is supposed to be Chinese. The
researchers input the prompt (operated on June 7th, 2023) into
ChatGPT3.5 and paste the same English ST as that is translated
by the 19 human translators, and thereupon the GenAIT is
generated and collected. Additionally, this study includes a
Reference Translated Text (RTT) for comparative analysis. This
RTT is derived from the same source material as the original text
(ST), ensuring consistency in content for a direct comparison.

Thus, the final corpus including ST, RTT, GenAIT and HT is
collected. The general information is provided in Table 1 (The
length is calculated by words in Microsoft Word 2019).

Framework of data analysis. At lexical level, the following
parameters are observed: tokens, types, standardised type/token
ratio (STTR), terminology and part of speech (POS). Token is

Table 1 General information of the final corpus.

ST RTT GenAIT HT
Language English Chinese Chinese Chinese
Length 243 452 420 8795
(words)
Source Teaching Teaching ChatGPT 3.5 19 MTI
material material students
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Framework of Data Analysis

Lexical level

Syntactic level

Token, Type, STTR Terminology POS CS, SLT PV Subordinate clause
I
| T T 1
N Adj. Num Conj. Be +V_ed V_ed + by OC AC
Fig. 1 Framework of data analysis.
defined as the total count of words within a text, which essentially | 2pje 2 Parameters and methods /tools applied.
represents the frequency of word occurrences (Kang and Yu,
2011; Bieswanger and Becker, 2017). Type, on the other hand,
. g .. . Parameters Methods/tools
refers to the unique words that remain after eliminating repeated
occurrences, essentially denoting non-redundant tokens (Kang | Tokens, types, STTR, CS, SLT Wordless 2.3.0
and Yu, 2011; Liang et al., 2010). The Type-Token Ratio (TTR) is POS tagging (ST CLAWS-S
o . POS tagging (AIT, RTT and HT) CorpusWordParser 3.0
computed by dividing the total number of words in a text by the .
: POS extraction AntConc 4.1.2
count of unique word types (Csomay and Crawford, 2024). The Terminology Manually
Standardised Type-Token Ratio (STTR) serves as an index to Y, Manually
quantify lexical diversity within corpora (Calzada Pérez, 2017). | subordinate Clause Manually

According to Liang et al. (2010), STTR calculation involves a two-
step process: initially determining the type/token ratio for each
segment of 1000 words (adapted to 100 words in this study due to
the brevity of the texts), followed by averaging these ratios to
ascertain the STTR. In the present study, the STTR is auto-
matically calculated through Wordless (Ye, 2023). Terminology is
selected as a parameter because “scientific texts usually contain a
variety of proper nouns” (Fu and Tang, 2012, p.2). Additionally,
part of speech (POS) fulfills dual roles in both lexical and syn-
tactic analyses. Given that our study prioritises word classification
over sentence function when discussing the POS allocation, we
categorise “part of speech” as a lexical feature. Based on the
observation of the ST, nouns (N.) and adjectives (Adj.) accounts
for a relatively large proportion, thus, they deserve to be noticed.
Besides, the translation of numerals (Num.) is essential when a
scientific text contains statistics. Given that using conjunctions
(Conj.), as a type of connectors, is a major approach to enhance
logical relations among clauses in scientific English material (Fu
and Tang, 2012), conjunctions are included in the present study.
Therefore, N., Adj, Num. and Conj. are chosen as sub-
parameters of POS.

At syntactic level, the count of sentences (CS) and average
length of a sentence (here as sentence length in tokens, SLT) are
typical parameters to analyse syntactic features (Calzada Pérez,
2017). Besides, passive voice (PV) and subordinate clause,
frequently used in scientific texts, are also included in the
metrics. PV allows readers “to skim quickly and see the main
points by looking at the subject of each sentence” (Biber and
Conrad, 2009, p.123). Two types of PV structures, “be + V_ed”
and “V_ed + by” (without “be”), are chosen in the analytical
framework, for the former is an explicit structure and the latter
can be regarded an implicit one. They are distinguished by
whether the be-verb, as a marker of PV, appears in the structure.
In this study, the two examples highlighted are “is called” and
“led by”. Subordinate clause is included in the framework as
“English scientific texts often involve various relations, premises
and designated occasions, and clauses are abundantly existed” (Fu
and Tang, 2012, p.86). Those adjective phrases used as attributes
could be recognised as an abbreviation of attributive clause so as
to strengthen the compact of the sentence structure (Randolph
et al., 1985). Object clause (OC) and attributive clause are
particularly selected for two reasons. First, it has been identified
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that the clause type with the simple structure, “a nominal
group + a verbal group + the other nominal group”, is frequently
found in scientific text (Choi, 2013). This pattern is typical for
OC. Second, the attributive clause accounts for a large proportion
of long sentences in scientific English texts (Huang and Duan,
2021). Thus, an integrated two-level analytical framework is
framed (Fig. 1.)

Tools and instruments. Four main tools are utilised for the
extraction and analysis of the parameters listed in the analytical
framework (Table 2). Wordless 2.3.0, developed by Lei Ye, is used to
collect token, type, STTR, CS and SLT of the ST, RTT, GenAIT and
HT. Wordless is embedded the function of detecting and coding
various languages so that users neither need to manually set up the
language coding of each file nor worry about the incompatibility due
to unclear coding systems. CLAWS-5, a free online tool developed by
Lancaster University, is used to tag POS of the ST, and Corpus-
WordParser 3.0 is used for word segmentation and tagging of Chi-
nese text. AntConc 4.1.2 is utilised for the retrieval of POS. Thus,
token, type, STTR, CS, SLT and POS are automatically collected
while garbled codes or missing tags have been all corrected manually.

Researchers manually compile other parameters, including
terminology, PV and subordinate clauses. The selection of
terminologies from the ST is predicated upon their occurrences
and their intrinsic significance to the context of the text.
Subsequently, the translations corresponding to the selected
terminologies from the RTT, GenAIT and HT are meticulously
extracted. In all, ten cases of terminologies, two cases of PV
structures, one object clause and one attributive clause are
collected for analysis.

Results

Lexical features

Tokens, types and STTR. As there are 19 human translators in
total, the mean value of data in human translations, HT (mean) is
adopted. Additionally, we present tokens, types, and STTR of all
HT in order to provide a whole picture of HT. HT (mean) out-
numbers GenAlIT in tokens and types while the STTRs of Gen-
AIT and HT (mean) are nearly the same (0.659 and 0.650).
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Specifically, all HTs, except HT05 (205) and HT15 (206), have
more tokens than that of GenAIT. Besides, all HT's, except HT05
(133), have more types than that of GenAIT. However, around
68.42% of HTs have lower STTR than that of GenAIT (Table 3
and Figs. 2 and 3).

Table 3 reveals that tokens of the RTT are fewer than that of
the ST, aligning with Baker’s (1993) postulated translation
universal of simplification. The STTR is quantified through the
type/token ratio, which endeavours to minimise the impact of
functional words to the greatest extent. As such, STTR is
employed as an indicator of lexical richness (Shi and Lei, 2021).
Figure 3 shows that HT16 exhibits the minimum STTR value
(0.583), signifying its potential inferiority in lexical richness when
juxtaposed with that of GenAIT (0.66).

Translation of terminologies. GenAlIT renders five out of ten
terminologies (hard discs, magnetic fields, current, reading and
writing data, femtosecond) into the same target expressions as
RTT. In HTs, a superior congruency is observed: six out of ten
terms (retrieval, hard discs, IT, magnetic fields, current, reading
and writing data) are translated consistently with RTT, as deli-
neated in Table 4.

Table 3 Tokens, types, and STTR descriptions (ST, RTT,
GenAlIT and HTs).

Parameter ST RTT GenAIT HT (mean)
Tokens 246 229 208 236.68
Types 152 152 137 153.32
STTR 0.62 0.66 0.66 0.65
300
250 246 243 247 242

231 28 297

215

205
200

162 161

158

151 148

150 145

141 140

133

100

50

HTO1 HT02 HT03 HT04 HT05 HT06 HTO7 HT08 HT09

lexical tokens

Fig. 2 Tokens and types of the 19 pieces of HT.

248

In general, HT exhibits advantages in translating abbreviated
terms. There are 10 MTI students translating the term “IT” into
“EEHAR” (information technology) while GenAIT fails to do
s0. “IT” could be “BEEXM R (Internet technology), or “/F 5.
R (Information technology). Although there are overlaps
between these two fields, “IT” in the ST means “information
technology”, which justifies human translators outperforms
GenAlIT in dealing with abbreviated terms in this case.

However, GenAlIT also performs its strength in the translation
of “current”. The term “current” is translated into “BR7E” (right
now) and “BHE” (screen) in HT01 and HT03 respectively instead
of the correct correspondence “BB3R” (current, related to
electricity). Despite the term “current” encompassing all afore-
mentioned meanings, the two MTT student translators fail to pick
the correct one in the specific context yet ChatGPT 3.5 manages
to do so.

POS. Table 5 illustrates that there are more nouns, adjectives,
numerals, and conjunctions in HT (mean) than those of GenAIT.
Further, except numerals, both GenAIT and HT present fewer
counts of other three POS types than ST.

It also reveals that N. takes the largest proportion of all four
POS types in ST (68.50%), RTT (76.03%), GenAIT (75.73%) and
HT (mean) (73.95%). Furthermore, HT (mean) has more N. than
GenAIT. For the quantities of Adj., Num. and Conj., the
differences between GenAIT and HT (mean) are smaller. What’s
more, the counts of Adj. in HT (mean) (10.68) and GenAIT (8)
are within the scope of RTT (7) and ST (19). Num. sees the same
feature. But for Conj., both GenAIT and HT (mean) presents
fewer counts than ST and RTT.

Figure 4 shows that HT 16 and HT 02 contains 101 and 100
nouns respectively, ranked the first and second. In contrast, HT

263

254

248 250

243

236
231 234

206

166 166

159 159 159

157 157 156

147 148

HT10 HT11 HT12 HT13 HT14 HT15 HT16 HT17 HT18 HT19

lexical types
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HT 19 T 0674

HT1s T 0.642

HT 17 T 0628

HT1 - 0.583

HT1S T 0.714
HT 4 T 0.709

HT 13— 0.641

HT 2 T 068

Number of HT

T 11 0.651
10 0 641
700 | 0551

HTos T 0653

HT 07 T 0.639

HTos T 0.649

HT05 T 0.649

HTo4 T 061

HT03 T 0.679

HTOZ T 0621

HTO 1 T 0659

Fig. 3 STTR of the 19 pieces of HT.

0.8

No. Term RTT GenAIT HT

translations Y/N Counts/Y Counts/N
1 Retrieval K&K BRE N 10 9
2 Hard discs EE & Y 17 2
3 IT FEEEAR IT N 10 9
4 Miniaturized storage A AL 2R WA T N 0 19
5 Magnetic fields 27 Bz Y 17 2
6 Current B3R B Y 15 4
7 Readout EENER BEE N 1 18
8 Reading and writing data EEHIE EEHE N 1 8
9 Magnetic sensors HitE Bieg Rl 15 BiEs N 3 17
10 Femtosecond #® T8 Y 2 17
*Note: “Y" means the translation is the same as RTT's. “N” means the translation is not exactly the same as RTT's.

POS ST (%) RTT (%) GenAlIT (%) HT

Mean Sd. Sd.2
N. 87 (68.50) 92 (76.03) 78 (75.73) 85.32 (73.95%) n0om 10212
Adj. 19 (14.96) 7 (5.79) 8 (7.77) 10.68 (9.26%) 3.25 10.56
Num. 4 (3.15) 9 (7.44) 7 (6.79) 7.79 (6.75%) 1.69 2.84
Conj. 17 (13.39) 13 (10.74) 10 (9.71) 11.58 (10.04) 2.09 437
Total 127 (100) 121 (100) 103 (100) 115.37 (100%) / /
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140

120

11
10

1

IS o ® 1=}
S S S S

N
o

HTO1 HT02 HTO03 HTO04 HT05 HT06 HTO07 HTO08 HT09

mnpoun ®™adjective ®numeral

Fig. 4 POS of all HTs.

Parameters ST RTT GenAIT HT

Mean  Sd. Sd.2
CS 9 10 9 11.68 1.97 3.89
SLT 27.33 22.60 231 20.71 3.42 1.72

15 has the fewest nouns (61). As for Num., the difference in all 19
pieces of HT is not statistically significant, ranges from five to
eleven. 84.21% of HTs have 10 or more conjunctions.
Additionally, 13 out of all the 19 pieces of HT contains over 10
conjunctions, exceeding the quantity of Conj. in GenAIT.

Syntactic features

Count of sentences and sentence length in tokens. The SLTs of
RTT, GenAIT and HT (mean) are shorter than that of ST while
the CSs of the ST, RTT, GenAIT and HT (mean) are diversified.
Mean value of the CS in HT is higher than that of GenAlIT,
demonstrating that there are more sentences on average in HT
(Table 6).

Nevertheless, there are still some exceptions. For example, HT03
has the fewest CS (8) while the largest SLT (29.625), which may
indicate that the student cannot segment long sentences. For instance,
the translated sentence “{BIEId B HEER FIRENF EABENZH
T RBAX S5 Y B REAE BERAVBERS”(HTO3, corresponding ST:
But reading and writing data through spintronics has been hampered
by the relative slowness of magnetic sensors.) is advised to be divided
into several short sentences in Chinese.

8
12 13 13 . .
[zl B -
11
. " I
| 10
0

HT10

9

13
‘B

‘'R

HT17 HT18 HT19

16 15

HT11 HT12 HT13 HT14 HT15 HT16

conjunction

Passive Voice (PV). Given that the proportion of PV in scientific
writing might stabilise at about 30% (Ping Alvin, 2014), it
deserves further explorations. This study focuses on two basic
structures of PV: “be + V_ed”, an explicit one, and “V_ed + by”
(without “be”), an implicit one.

As a fundamental PV structure, “be + V_ed” has been translated
into different forms. RTT and HTs (except HT17) shift the PV into
active voice (AV) in Chinese while GenAIT reserves the PV
structure. “4” (the bei passive) is a widely used PV structure in
Chinese. Nevertheless, rather than employing the bei passive
construction, the OSV (Object-Subject-Verb) sequence is identified
as the most similar counterpart to the English PV structure (Li,
2005), mainly because the bei passive is typically associated with
adverse situations (Tsai, 1972; Li and Thompson, 1981). The
example in Table 7 reflects that GenAIT should enhance its ability
to recognise and properly translate English PV into Chinese. The
student who does HT17 in Table 7 is also advised to pay more
attention to the proper use of voice in Chinese.

Different from the explicit form of English PV “be + V_ed”,
the structure of “V_ed + by” could be considered as an implicit
one due to the lack of “be” as the sign. This example, if
presented in its full form, could be “a team (which is) led by
Jean-Yves Bigot”. In the example of Table 8, only HT07 shifts
the PV into Chinese AV in the form of “you (have) structure”
while GenAIT, like other HTs, seems to ignore the passive
logical relation.

Subordinate clause. Due to the frequent use and large proportion
of OC and attributive clause in scientific text (Randolph et al.,
1985; Choi, 2013), this study selects one case for either type for
analysis.
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Table 7 Extracts of “be + V_ed" translated texts.

Source Text

ST Our method is called the photonics of spin.

RTT B2 R BEREX FZ. (Literal meaning: We call it the photonics of spin.)

GenAlT BTN H EEH A BREHR FZ, (Literal meaning: Our method is called the self -spin photonology.)
HTO4 BATN I EFRZ B Y 72, (Literal meaning: Our method calls it the photonics of spin.)
HT17 BTN EER A BRI X T o (Literal meaning: Our method is called the spinning photonics.)

Table 8 Extracts of “V_ed+by" translated texts.

Source Text

ST ..a team led by Jean-Yves Bigot.

RTT .. BT Beff 4 e b RFTTHMAIIIZE/NA, (Literal meaning: The team which Jean-Yves Bigot leads)

GenAIT ... ib-FRe b RIGTMSFMERA, (Literal meaning: The team which Jean-Yves Bigot leads.)

HTO7 L H&ReHl X Hie k1% (Jean-Yves Bigot) H4MAIEIRA- (Literal meaning: The team which has Jean-Yves Bigot as the leader.)

Table 9 Extracts of OC translated texts.

changes can yield a large electric output.)

Source Text

ST Fert and Griinberg discovered that tiny changes in magnetic fields can yield a large electric output.

RTT BRABMNAE LI, BB AT E KB FRM o (Literal meaning: Fer and Greenberg discovered, magnetic fields’ weak
changes can yield a large electric output.)

GenAIT BREFMEL B RN PNOEZTLAUS=EERWBHE. (Literal meaning: Fert and Greenberg discovered tiny changes in magnetic
fields can yield a large electric output.)

HTO5 BRI EAREI, BT PH DT L= HIR KA HBEE, (Literal meaning: Fort and Greenberg discovered, magnetic fields' tiny

Table 10 Extracts of AC (restrictive) translated texts.

Source Text

ST The research builds on achievements that earned the 2007 Nobel Physics Prize for Albert Fert of France and Peter Griinberg of Germany, who
ushered in a revolution in miniaturized storage in the 1990s.

RTT X TR R MRS T2007E K% I/RYWES K, (Literal meaning: This achievement helped them earn the 2007 Nobel Prize in Physics)

GenAlT T ARILIRE T2007EM % N/RYWE R, (Literal meaning: They two thus gained the 2007 Nobel Prize in Physics)

HT06  iX—HF3R3R18 720175 % N /RYEBER BER.....(Literal meaning: This research achieved the 2007 Nobel Prize in Physics, the owner is...)

The restrictive clauses are in bold type.

Object clause (OC). In translating OC with “that” as the sub-
ordinating conjunction, RTT and most HTs (except HT01 and
HT19) divide the complex sentence into two clauses with a comma
while GenAIT does not (See Table 9). A plausible explanation
might be that the source text lacks a comma, leading ChatGPT 3.5
to strictly adhere to the initial construction without alteration.

Attributive Clause (AC). The integrated sentence selected from
ST for analysis is “The research builds on achievements that
earned the 2007 Nobel Physics Prize for Albert Fert of France
and Peter Griinberg of Germany, who ushered in a revolution
in miniaturised storage in the 1990s.” The restrictive clause is
chosen for the comparative analysis (See Table 10).

The restrictive clause forms a cause-and-effect relationship
with the indefinite relative clause. The structure in GenAIT is
similar to that of RTT, applying “BIt” (thus) as a sign to show
the connection between two clauses. On the contrary, some
human translators rigidly follow the original structure (like HT06,
whose way of connecting the two clauses is simply adding a
comma), lacking logical connectors to manifest the relationship
between two clauses.

Discussion
Lexical features
Lexical features in HT. Most HT's present larger number of tokens
and types while lower STTR than those of GenAIT. Besides,
compared with ST, there are 12 and 8 HT's using fewer tokens and
types respectively. There are multiple factors to consider. Firstly,
it could be the translation universal of simplification that results
in over half (12/19) of HTs having fewer tokens. However, as for
the six HTs (Chinese) that outnumber ST (English) in terms of
tokens, it could be justified by that the information quantity of 1.5
Chinese characters is equivalent to one English word (Sun et al.,
1985). Secondly, the linguistic differences between Chinese and
English could also play a role. As those functional words (like
“the”, “of”) are more frequently used in English, it affects the
number of types and the STTR. Thirdly, the familiarity of indi-
viduals with the characteristics of scientific texts may also influ-
ence their translation results. Despite all 19 students being in the
same class, it is inevitable that there will be disparity among them
concerning their exposure to this specific genre.

In relation to the accuracy of terminology translation, human
translations (HTs) demonstrate a lower proficiency. This may be
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attributed to students’ occasional carelessness or anxiety, given
that they are working on a time-constrained translation task.

For part of speech (POS) analysis, the occurrence of nouns in
HTs surpasses that of adjectives, numerals, and conjunctions,
aligning with the expected lexical density and informational focus
of scientific texts. Additionally, the standard deviation (Sd.) of
numerals is the least, underscoring numerals’ direct correlation
with accuracy. The slight variation in numeral count across HT's
may stem from differences in typing and segmentation practices.
Furthermore, the relatively smaller Sd. of conjunctions suggests
that the majority of students have effectively prioritised logical
connectivity in their translations, adhering to findings that the
incorporation of more conjunctions can enhance textual cohesion
(Dalimunte, 2013).

Lexical features in GenAIT. Compared to HTs, GenAIT has fewer
tokens and types, higher STTR, higher accuracy in terminology
translation, lower word frequency of nouns, adjectives, numerals
and conjunctions. These features are closely related to the
working mechanism of ChatGPT. Trained on approximately 45
terabytes of text data at a multimillion-dollar cost (Barreto et al.,
2023), GPT-3 sets the stage for its successor, ChatGPT 3.5. This
subsequent model inherits GPT-3’s extensive dataset but expands
its capabilities with enhanced conversational interfaces that clo-
sely mimic human-like interactions (Rane, 2023), potentially
augmenting its processing flexibility. Consequently, ChatGPT 3.5
might demonstrate an adeptness in adopting the stylistic features
of scientific texts, which typically favour a higher frequency of
content-driven words over functional ones. This attribute, com-
bined with the nuanced training in linguistic variability, may
explain the incremented STTR observed in ChatGPT 3.5s
translations as compared to those produced by student transla-
tors. ChatGPT, to some extent, can be deemed as a unified
multilingual machine translation model (Jiao et al, 2023).
Although its architecture differs from the traditional encoder-
decoder blueprint of NMT, GPT models, including ChatGPT 3.5,
demonstrate promising translation capabilities (Hendy et al,
2023). This proficiency may be attributed to large language
models’ ability to abstract high-level cognitive capabilities
through effective prompting in human-like conversations
(Kojima et al., 2023), consequently enhancing the quality of text
generated by ChatGPT. Furthermore, as a higher STTR signifies
higher lexical diversity, it can be argued that ChatGPT 3.5 yields
translations exhibiting broader vocabulary variance compared
with student translators in this study. This finding contrasts with
Vanmassenhove et al. (2019) which shows a decrease in lexical
diversity with MT. Nevertheless, it’s pertinent to note that the
system utilised in our study is different from the MT assessed by
Vanmassenhove et al. (2019).

As for the count of POS, except the frequency of nouns,
counts of the other three POS in GenAIT are similar to those of
ST. The reason for the higher frequency of nouns might be that
ChatGPT 3.5 transforms many English verbs into Chinese
nouns. For instance, the verb “output” is translated into “} ”
(production).

Syntactic features

Syntactic features in HT. HTs exhibit a larger CS coupled with
shorter average sentence lengths in comparison to GenAlIT.
Student translators’ translation training might explain this result.
When Chinese students embark on English-Chinese translation
tasks, on translating long English sentences in particular, they
tend to split them into several short sentences. As one of common
translation strategies, it has been consolidated through abundant
training, and students tend to apply this strategy to practice.

Regarding the translation of PV, most MTI students transform
PV into AV. Specifically, all student translators employe the AV
structure in Chinese when translating the implicit PV structure
“V_ed + by”. This might be associated with a prevalent use of the
“& (you, have)-structure” in Chinese language contexts. However,
whether to transform PV into AV is influenced by various
reasons. For example, a study of English-German reveals that
translators mainly use PV to translate AV but editors change
most of PV back to AV (Bisiada, 2019).

The translation of OC and AC reflects student translators’
advantages in segmenting long sentences. OC “most frequently
appear after verbs like say, believe, think, decide, propose... and
the verbs that name some sort of mental activity” (Podoliuc, 2010,
p-51). These complements are instrumental in constructing
complex sentences. When encountering such complex construc-
tions, student translators opt to divide them into two distinct
parts using the connector “that”.

Syntactic features in GenAIT. The GenAIT has fewer sentences
(9) than HTSs’ average (11.68) but larger SLT (23.11) than that of
HTs (20.71). To some degree, the more tokens in a sentence, the
lower readability the sentence is. Although readability should be
assessed from various perspectives, including syntax, morphol-
ogy, cohesion, discourse structure and subject matter (Frangois
and Fairon, 2012; Denning et al., 2016; Arfé et al.,, 2018), calcu-
lating average sentence length or syllables per word is still a
prominent strategy (Azpiazu and Pera, 2019). As there are more
tokens in sentences of GenAIT than those of HTs on average,
readers might need more efforts when reading the GenAIT.

In relation to translations of PV in GenAlIT, the explicit PV
structure “be + V_ed” is remained while the passive relation marked
by the implicit “V_ed + by” seems to be ignored. The “be + V_ed”
structure unambiguously signals that the action is executed by
someone, thereby prompting ChatGPT to preserve the passive
construction rather than converting the PV to AV. However, with
more implicit structures, ChatGPT may struggle to detect the passive
construction, leading to potential oversight.

Regarding subordinate clause, GenAIT maintains object
complements as intact, whereas most human translators elect to
divide them. ChatGPT 3.5 employs a connector to seamlessly join
the restrictive attributive clause with the indefinite relative clause,
thereby enhancing the clarity of the source text for readers.
Similarly, translators of HT01, HT03 and HT19 do not split the
OC either. Although NMT systems generally exhibit limitations
in generating coherent logical information (Wang and Feng,
2021), the use of connectors by GenAIT demonstrates its partial
competency in constructing logical connections. Notably, the ST
lacks conjunctions such as “so” or “therefore” to bridge the
restrictive attributive clause and the indefinite relative clause. In
contrast, ChatGPT 3.5 introduces “B " (thus) to forge this link.

The ways to sustain the effective GenAIT-HT interaction. Based on
above findings, harnessing the lexical and syntactic advantages of
both the GenAIT and HT could be an effective interaction between
them to improve translation quality. GenAIT offers human trans-
lators a wide range of vocabulary and a wealth of background
knowledge across various fields. Human translators can effectively
leverage words with different parts of speech, allowing them to
combine the strengths of both sides and enhance the lexical accu-
racy of the translated text. For instance, when human translators
encounter engineering terminologies that are unfamiliar to them,
they could refer to the knowledge provided by GenAlI platform to
achieve more precise translations. Conversely, when human trans-
lators identify inappropriate word usage in GenAlIT, such as words
belonging to improper parts of speech, they could make adjust-
ments to enhance the accuracy of the translated text.
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At syntactic level, the effective interaction of GenAIT and HT
can enhance the fluency of translated texts. In this study, student
translators excel in deconstructing long and complex sentences.
They can segment a lengthy passage into manageable sections for
sequential input into GenAl. This strategy facilitates the
improvement of GenAI's output by catering to its preference
for processing shorter and simpler sentences. For example, in the
case of translating a long poem written in archaic English, a task
that remains a formidable challenge for current AI technologies,
human translators can strategically divide it into segments based
on its meaning and context. Concurrently, GenAT’s capabilities,
like the automatic insertion of logical connectors in this research,
can further assist human translators in augmenting the fluency of
their target texts.

Implications

Drawing from the findings of this research, we propose several
implications for translator training, language service providers,
and future development of GenAl and human translation. In
terms of translator training, educators are encouraged to guide
students in effectively utilising GenAlI systems to improve their
translation quality. For instance, given that GenAlI systems like
ChatGPT in this study display a higher STTR which indicates
richer lexical diversity, it is advisable for trainers to foster stu-
dents’ proficiency in exploiting GenAl tools to diversify their
lexical choices. Additionally, given ChatGPT’s superior accuracy
of translating numerals in this research, it is suggested that stu-
dent translators could employ GenAl systems to verify numerical
translations and thus enhance both the efficiency and quality of
their work. Nonetheless, translators must be vigilant in scruti-
nising the input material processed through GenAl platforms,
especially long sentences, as GenAl is found to be less effective in
dealing with long sentences.

For language service providers (LSPs), it is highly recom-
mended to deepen their understanding and optimise the efficient
utilisation of GenAI technologies. For example, in the present
study, ChatGPT 3.5 demonstrates advanced lexical diversity and
effective clause connection, which could substantially enhance
efficiency within LSP environments. Leveraging these advantages
of GenAlI has the potential to result in providing more sophisti-
cated and nuanced language services. Besides, in September 2023,
Lionbridge, a leading language service provider, published its
Machine Translation Report, highlighting two pivotal insights.
Firstly, companies that successfully integrate AI will likely excel in
the evolving digital landscape. Secondly, large language models
like ChatGPT could emerge as a potential successor to neural
NMT as a new standard in the field. Consequently, it is recom-
mended that LSPs invest in the development of GenAl and in
equipping their workforce with Al-enhanced skills to further
boost productivity.

The future landscape for GenAl and human translators is
supposed to be a harmonious coexistence with a bright outlook.
It's undeniable that GenAIT has shown notable advantages in
certain aspects. Nonetheless, widespread consensus maintains
that human translators are irreplaceable, as GenAl systems like
ChatGPT have yet to adeptly capture uniquely human imagina-
tive skills, such as creativity and emotional intelligence (Xu and
Yang, 2022; Hu and Li, 2016). Moreover, this study also under-
scores GenAIT’s limitations, including difficulties with processing
lengthy sentences. As such, GenAl should not be viewed as a
threat but rather as a valuable tool that enhances our capabilities.
To utilise GenAlI more effectively, there’s a growing recognition
of the need for “prompt engineering”, a skill that demands spe-
cialised knowledge and practice (Oppenlaender et al., 2023).

10

Conclusion

Major findings. For the first research question, HT and GenAIT
present distinguished lexical and syntactic features. In lexical
level, HT (mean) has larger number of tokens and types but lower
STTR than those of GenAIT; GenAIT has higher accuracy in
term translation, fewer nouns, adjectives, numerals and con-
junctions. In syntactic level, HT (mean) has more sentences and
smaller SLT on average. Most HT's (except HT17) transforms the
explicit PV structure into AV in Chinese while GenAIT fails to do
so. The implicit PV structure is shifted into AV in all HTs while
ChatGPT 3.5 seems to ignore the passive relation. Though
ChatGPT 3.5 fails to split the complex sentence into simple
sentences, it manifests the cause-and-effect relation of the two
attributive clauses by adding a connector “BItt” (thus) as some
student translators do. For the second research question, com-
bining advantages of both sides is proposed to be a method of
sustaining the effective interaction between GenAIT and HT.

Limitations and future directions. Different from the previous
study on perceptions and attitudes (Liu et al., 2022), this study
provided objective evidence for the complementarities between
GenAIT and HT. Thus, this research represents a modest
progress. Besides, based on findings, this study points out
specific aspects where GenAIT and HT could benefit each
other. Implications for translator training, language service
provision and the development of GenAIT and HT are also
demonstrated. However, some limitations must be noted.
Although parameters in the analytical framework are all justi-
fied, there are many other dimensions deserved to be investi-
gated. For example, if the material is extracted from a story-
telling book, probably verbs should be added into the POS in
the framework as verbs might frequently appear in such texts.
In addition, this study ignores textual level due to it is not
prominent in the selected material. Future researchers are
supposed to explore this dimension and involve a larger
number of participants. Besides, other language pairs should be
researched to see if these findings are replicable in different
language contexts. As for other text genres, legal text, literature
and many other genres are also deserved to be explored for a
more extensive application.
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