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Abstract

This study aims to evaluate how effectively
various prompting strategies influence GPT
model translations of gender-neutral Korean
third-person singular expressions into English,
using the queer literary novel Concerning My
Daughter (Kim, 2017) as a corpus. Specifi-
cally, it investigates how the effects of prompt-
ing strategies for translating a specific ex-
pression have evolved across GPT model ver-
sions (GPT-3.5-turbo, GPT-4, and GPT-40).
Through quantitative analyses (BLEU, TER,
BERTSscore), multivariate statistical techniques
(MANOVA, PCA, CA), and qualitative exami-
nations, this research demonstrates significant
improvements in translation quality and gender
neutrality when context-aware prompts are em-
ployed. Meta prompting explicitly emphasiz-
ing gender ambiguity was most effective with
advanced GPT versions (GPT-4 and GPT-40),
though overly complex prompts did not con-
sistently improve quality metrics. The findings
highlight critical limitations in current evalu-
ation frameworks, advocating for specialized
criteria and ethical frameworks in Al-generated
literary translation.

1 Introduction

As Al-based machine translation (MT) has become
commonplace and increasingly applicable to var-
ious types of texts, recent studies have begun to
explore whether Al can adequately handle sophisti-
cated and subtle literary translation tasks (Alsajri,
2023; Hu & Li, 2023; Li, 2024; Mukti et al., 2024).

This study focuses specifically on the under-
researched issue of translating gender-marked refer-
ences, which poses particular challenges in Korean-
to-English literary translation. By examining multi-
ple versions of a single generative Al (GAI) model,
the research investigates how sophisticated prompt-
ing strategies contribute to producing literary trans-
lation outputs increasingly closer to human-level
quality.

In particular, gender-neutral language usage is an
important concern in MT research, as previous stud-
ies have reported gender stereotypes in both neural
machine translation (NMT) models (Stanovsky et
al., 2019; Vanmassenhove et al., 2018) and large
language models (LLMs) (Piazzolla et al., 2024).
Research has particularly focused on characterizing
and resolving gender bias occurring between spe-
cific language pairs such as English and languages
with grammatical gender systems, including French
and Italian (Ghosh & Caliskan, 2023; Piazzolla et
al., 2024; Sant et al., 2024). Although improve-
ments in MT quality have been reported in terms
of mitigating gender bias, several challenges still
remain unresolved (Piazzolla et al., 2024). More-
over, existing research has predominantly concen-
trated on binary gender distinctions, while attention
toward non-binary gender issues in translation is
increasingly gaining prominence (Kostikova, 2023;
Yim, 2025; Yu, 2025).

Against the backdrop, this study qualitatively
and quantitatively evaluates how the translation out-
puts of Korean expressions referring to non-binary
gender in queer literature vary according to differ-
ent prompts (zero-shot, context, and meta prompt-
ing) and model versions (GPT-3.5 turbo, GPT-4,
and GPT-40) of an LLM, using human translation
as the baseline. In doing so, this research aims to
contribute to the literature on ethical considera-
tions in Al-generated language usage and literary
translation into English. The research questions are
specifically formulated as follows:

* How do automated translation quality metric
scores for literary sentences containing non-
binary gender expressions vary according to
prompts and model versions?

* How do gendered or ungendered translation
patterns of non-binary gender references differ
depending on variations in model versions and
prompting strategies?



This study extends previous research (Yim,
2025), which examined prompt sensitivity in a
single GPT version (GPT-40). This comparison
allows for an analysis of how prompt sensitivity
has evolved across different GPT versions. Fur-
thermore, translating non-binary gender is closely
linked to ethical issues in LLM-generated language
usage, specifically regarding gender bias, and this
comparison will provide insight into how these eth-
ical considerations have evolved across GPT mod-
els. Given the observation that non-binary gender
has been particularly underexplored in translation
and linguistics studies involving Korean (Yu, 2025),
this research contributes to expanding existing lin-
guistic scholarship beyond the MT literature by
addressing a critical gap in the field.

2 Literature Review

This section first discusses why translating non-
binary gender references from Korean to English
raises significant ethical and linguistic issues, par-
ticularly from a human translation perspective (2.1).
It then reviews previous research on how MT has
addressed these challenges, highlighting the lin-
guistic implications of these approaches (2.2). Fi-
nally, the chapter explores how translation out-
comes have been improved across recent GPT mod-
els with prompting techniques (2.3).

2.1 Translating Non-binary Gender

The manner in which gender is expressed varies
significantly across linguistic systems. English fol-
lows a natural gender system, meaning that only
nouns and pronouns explicitly indicate a person’s
gender (Sabato & Perri, 2020). Korean similarly
employs the identical gender system; however, its
third-person pronoun usage notably differs from
English. Korean lacks a fully developed third-
person singular pronoun system, instead utilizing
demonstratives such as i (“this”), geu (“that™), and
Jjeo (“that over there”) combined with nouns like
saram (“‘person”), i (“one”), nom (“guy”), and ja
(“individual”) to denote third-person referents (Ko
& Koo, 2020). Importantly, these combined forms
generally do not explicitly indicate grammatical
gender, with only a few specialized exceptions,
such as geunyeo (‘‘she”), which originated from
translations of the Japanese equivalent of the En-
glish pronoun “she” (Ahn, 2001).

In English, third-person singular pronouns ex-
plicitly indicate gender through forms such as “he”

and “she,” “her” and “his,” or “him.” However,
a significant issue arises because masculine pro-
nouns in English have historically been employed
generically to refer to individuals of all genders—a
practice increasingly recognized as sexist language
(Sabato & Perri, 2020, p. 334). As alternatives,
more inclusive forms such as “s/he” and the singu-
lar “they” have been adopted. The use of singular
“they” has gained formal recognition, appearing in
major dictionaries, including the Oxford English
Dictionary (2024), where it is explicitly described
as suitable for contexts requiring gender neutrality
or for referring to individuals who do not identify
within the binary gender framework.

In summary, translating third-person singular
references from Korean into English necessitates
context-based inference to determine whether bi-
nary gendered pronouns (“he” or “she”) or more in-
clusive non-binary forms (“s/he” or “they”) should
be employed. Additionally, it is possible to refer to
an individual using a proper noun or a general noun
that is either explicitly gendered (e.g., “the man” or
“the woman”) or non-gendered (e.g., “the person”).
This inferential process significantly impacts trans-
lation accuracy, intensifying the challenge of main-
taining gender-neutral language usage. Especially
when gender ambiguity is intentionally encoded in
the source text, the translator’s choice between gen-
dered or ungendered forms can considerably affect
the discourse functions of the translated output, as
demonstrated in previous studies such as Aguilar
(2023), Ivan (2024), and Yim (2025).

2.2 Issues of Gender Translation in MT

When translating gender-neutral items whose gram-
matical gender is unknown into gender-marked lan-
guages, the process of gender inference becomes
essential. If contextual information is insufficient,
MT systems either infer and assign a gender or
translate in a manner that preserves gender am-
biguity. Issues of gender in MT have been pri-
marily explored in relation to gender bias. Previ-
ous research has indicated that, when MT systems
translate source texts without explicit gender in-
formation into target languages that obligatorily
mark gender, they tend to exhibit a default bias to-
ward masculine forms (Ghosh & Caliskan, 2023;
Piazzolla et al., 2024; Stanovsky et al., 2019; Van-
massenhove et al., 2018). Large language models
(LLMs) are reported to be even more susceptible
to this bias (Sant et al., 2024). For instance, Chat-
GPT frequently translates gender-neutral pronouns



into explicitly gendered forms such as “he” or “she”
(Ghosh & Caliskan, 2023). Similarly, DeepL has
shown a notable tendency to overuse the pronoun
“he” in backtranslations from Finnish, Estonian,
and Indonesian into English. This bias is particu-
larly influenced by sentence context and verbs used,
demonstrating high reproducibility across repeated
translations (Barclay & Sami, 2024). Such gender
bias can significantly impact translation accuracy
and discourse effectiveness by introducing gender
markers absent from the original text or incorrectly
inferring a different gender.

2.3 Improved Translation with Prompting

LLM prompting strategies are effective the trans-
lation outputs (Yamada, 2024). Accordingly, var-
ious studies have explored prompt design to en-
hance translation performance across multiple GPT
model versions (He, 2024; Peng et al., 2023; Sant
et al., 2024; Wang et al., 2023). Several strategies
have been found beneficial in enhancing LLM-
generated translations: For example, providing con-
textual information such as detailed translation
guidelines and domain-specific knowledge (Peng et
al., 2023); assigning a translator persona to the GPT
model (He, 2024); and instructing the model to
translate at the document level to leverage broader
contextual understanding (Wang et al., 2023). It is
also known that multi-shot prompts, which provide
actual translation examples, improve translation
quality more effectively than zero-shot prompts
(Sant et al., 2024). Particularly, explicitly instruct-
ing the model about the translation’s specific pur-
pose and emphasizing the reduction of gender bias
has proven effective in decreasing biased outcomes
(Sant et al., 2024). Recently, meta-prompting tech-
niques informing the LLM of task details and sub-
sequently allowing it to generate its own prompts
have also demonstrated potential for improving
translation quality (Suzgun & Kalai, 2024).
However, some studies suggest that simpler
prompts might be preferable to overly complex
ones. Specifically, concise and effective prompts,
such as zero-shot prompts (He, 2024), have been
reported to yield better translation quality improve-
ments compared to prompts containing detailed
translation briefs and elaborate instructions (Peng
et al., 2023). As discussed above, translation out-
puts significantly vary according to prompt configu-
rations. In terms of GPT model performance, GPT-
4 has shown substantial improvements over GPT-
3.5 in both translation quality (Jiao et al., 2023;

Yan et al., 2024) and other performance metrics
(Chen et al., 2024). In particular, GPT-4 reportedly
outperforms junior translators but still falls short of
the translation quality produced by experienced hu-
man translators, showing a tendency toward literal
translation (Yan et al., 2024).

In summary, two critical gaps currently exist
in GPT models’ handling of non-binary gender
translations. First, while ChatGPT’s translation per-
formance has improved in recent versions, it still
has not matched the quality of experienced hu-
man translators. Moreover, most prompt-related
studies discussed above have primarily focused on
single-model versions, leaving uncertainty about
how the same prompting strategies affect transla-
tion outcomes across different GPT versions. Sec-
ond, despite extensive prompting research to ad-
dress gender-related translation problems (Sant et
al., 2024), gender biases and translation errors per-
sist. The fact that translation issues remain even in
relatively clear-cut cases involving binary gender
suggests that the challenges become considerably
more complex when translating non-binary gen-
der references. Addressing this significant issue,
particularly from the perspective of inclusive lan-
guage use, calls for future interdisciplinary research
evaluating inclusive translation across diverse lan-
guages, textual contexts, and GPT model versions.
Given these research gaps, the present study aims to
examine how translations of sentences containing
non-binary gender expressions—requiring height-
ened gender sensitivity—have evolved across GPT
model versions, which currently represent the most
widely adopted LLM technology. The findings will
indirectly contribute to identifying approaches to
accurate gender inference through contextual and
grammatical cues, while also addressing methods
to preserve the discourse effects of the original
text and uphold ethical principles related to gender-
neutral language use. Consequently, this study pro-
vides significant insights into the current state of
Al-generated translation.

3 Methodology

3.1 Corpus

The source text corpus used in this study is drawn
from the Korean novel Concerning My Daughter
(Kim, 2017) by novelist Hyejin Kim. This queer
novel portrays the internal struggles experienced
by a mother who struggles to accept that her daugh-
ter is living with a same-sex partner, narrated from



the mother’s perspective. Throughout the novel, the
mother consistently refers to her daughter’s non-
binary gender partner using the third-person sin-
gular pronoun geu ae (“that person/child”’), main-
taining gender neutrality. From the novel, 183 sen-
tences containing references to geu ae were iden-
tified and compiled into a corpus. Using this cor-
pus, the study measures how gender neutrality is
maintained or altered according to different prompt-
ing strategies across multiple GPT model versions.
For baseline comparison, this paper used Jamie
Chang’s English translation (Kim, 2022), which
was viewed by critics as “precise and pared-back”
renditions of the original narrative “in a careful,
balanced way” (West-Knights, 2022). The origi-
nal text and the corresponding human translation
corpus were also utilized in a previous analysis
conducted by Yim (2025).

3.2 Process

To investigate translation choices concerning non-
binary gender references, each sentence was trans-
lated independently using the API. The translation
conditions and prompts used were consistent with
those employed by Yim (2025) (see Appendix A).
The context prompt has the gender and character
name, while the simplified form of meta prompt
includes the persona, genre, and gender ambiguity
instructions.

3.3 Analysis

The analysis was divided into two parts: translation
quality (TQ) and gender representation. First, TQ
scores were quantitatively evaluated by combining
multiple metrics, following the recommendation
of Kocmi et al. (2021). Specifically, BLEU (Pap-
ineni et al., 2002) was used to assess basic simi-
larity to the human baseline; TER (Snover et al.,
2006) was applied to measure the practical effort
required for post-editing; and BERTscore (Zhang
et al., 2020) was employed to evaluate how effec-
tively the contextual meaning of the original text
was captured. To explore how translation quality
scores varied according to prompts and GPT model
versions, a MANOVA test was conducted. This
was followed by PCA (Biber, 1988) to visually il-
lustrate prompt sensitivity showing how prompts
make LLM translations deviate from human trans-
lations across model versions. Additionally, quali-
tative analysis involved to identify distinctive pat-
terns and variations.

Second, the analysis examined the representation

of non-binary gender in translation outputs (gender
representation). The frequency of gendered versus
ungendered reference expressions was analyzed
across the nine generated corpora and compared
against the human translation baseline. Descriptive
statistical analysis (chi-square test) and explana-
tory analysis (Correspondence Analysis; Glynn,
2014) were performed to determine which transla-
tions most closely resembled the human baseline
in terms of gender-neutrality patterns, while also
identifying distinctive translation characteristics ac-
cording to prompts and GPT model versions.

Python 3.11.8 (July 14, 2025) | R 4.5.1 (July 20, 2025)

pandas: 1.5.3 FactoMineR: 2.12
numpy: 1.24.0 factoextra: 1.0.7
scipy: 1.9.3 CA:0.71.1

matplotlib: 3.6.3
seaborn: 0.11.2
openpyxl: 3.0.10
nltk: 3.8.1
sacrebleu: 2.3.1
bert-score: 0.3.13
Okt, konplay 0.6.0

GPT-3.5 turbo, 4, 40
API version: 1.13.3
Temperature: 0.7
Max tokens: 300
Top-p: 1.0

Penalty: 0

Date: July 3, 2025

Table 1: System and package information

Corpus compilation, data analyses, and statis-
tical testing were conducted using Python and R
within the Google Colab environment. Information
on the specific models and packages utilized is pre-
sented in Table 1.

Corpus (version_prompt) ID Token
Source text ST 3108
Human translation HT 2610
GPT-3.5_simple GPT35_TT1 2948
GPT-3.5_context GPT35_TT2 2927
GPT-3.5_meta GPT35_TT3 2868
GPT-4_simple GPT4_TT1 2794
GPT-4_context GPT4_TT2 2780
GPT-4_meta GPT4_TT3 2737
GPT-40_simple GPT40.TT1 2836
GPT-40_context GPT40_TT2 2878
GPT-40_meta GPT40_TT3 2765

Table 2: Corpus size

4 Results

4.1 Translation Quality Metrics

Information about the corpora (number of tokens)
generated based on the analysis process presented
in Section 3.3 is provided in Table 2.

Table reports corpus-level mean = SD (n =
183 sentences) for each model-prompt condition.
TER is reported as TER inverse so that higher
values indicate better quality. Across prompting



TQ per corpus GPT35 GPT4 GPT4o
TT1 0.111 £ 0.123 £ 0.132 &+
5 0.115 0.124 0.127
E TT2 0.119 £ 0.148 £ 0.162 +
= 0.129 0.147 0.157
0.12 £ 0.126 & 0.152 +
T3 0.136 0.142 0.157
Pairwise - - -
TT1 11.228 + | 12411 £ 14.627 +
o 2 33.889 37.514 34.519
25| ™ | 50 | Ths |
= . . .
- T3 14818 £ | 16318 £ 23.006 £+
32.157 34.866 30.915
Pairwise - - -
® TT1 0.921 &+ 0.923 + 0.925 +
S 0.024 0.024 0.023
(ﬁ TT2 0.924 + 0.929 + 0.932 +
5 0.024 0.025 0.025
ARk
Pairwise - - l <tz *
ttl < tt3 *

Table 3: TQ description and pairwise comparison

strategies, context prompting (TT2) and meta
prompting (TT3) generally produced higher mean
scores than simple prompting (TT1) for BLEU,
TER _inverse, and BERTScore. TT2-TT3 compar-
isons were mixed: meta prompting exceeded con-
text prompting only for GPT-3.5 on BLEU and for
GPT-40 on BERTScore; in all other cases, TT2
showed the higher mean.

For each model, prompt effects were tested
with a Kruskal-Wallis omnibus test followed by
Dunn pairwise tests with Holm adjustment. Non-
significant pairwise contrasts are omitted. Signif-
icant differences emerged only for GPT-40 on
BERTScore (tt1 < tt2*; tt1 < tt3*; * p < .05,
Holm-adjusted).

To further assess how prompt types and GPT
model versions influenced changes in these met-
rics, a MANOVA test was performed (Appendix
B). Although MANOVA generally requires multi-
variate normality, the large sample size (n = 183)
ensures that the analyses conducted remain robust
due to the central limit theorem.

The MANOVA results revealed statistically sig-
nificant effects of prompt type (Wilks” A = 0.9888,
F(6,3284) = 3.08, p = .005) and model ver-
sion (Wilks> A = 0.9847, F'(6,3284) = 4.24,
p < .001) on the three translation quality met-
rics. In contrast, the interaction between prompt
type and model version was not significant (Wilks’
A = 0.9961, F(12,4328.74) = 0.53, p = .899).
Although the Wilks’ values were close to 1, indi-

cating that the overall effect sizes were small, both
prompt type and model version contributed to sig-
nificant variation in translation quality scores.

Finally, a Principal Component Analysis (PCA)
was conducted using the three translation quality
metrics scores across corpora to visually represent
how prompts make translations deviate from hu-
man translations across versions (see Figure 1 and
Appendix C for detailed results).

PC1 accounted for comprehensive transla-
tion quality, evenly reflecting all three metrics
(75.87%), while PC2 captured differences between
BERTScore and the other two metrics (12.8%).
Compared to BLEU and TER, BERTScore reflects
semantic similarity rather than surface-level over-
lap. The relatively higher BERTScore therefore
suggests that, even when lexical realizations di-
verge, the generated translations retain meaning-
level consistency. Together, these two principal
components explained 88.67% of the total variance
across corpora. Prompt sensitivity was visualized
by calculating convex hull areas based on PCA
scores. Results indicated that the changes in the
areas across prompts remained substantial in GPT-
4 (TT1 — TT2: -1.575, TT2 — TT3: 5.011) and
GPT-40 (TT1 — TT2: 2.206, TT2 — TT3: 2.859),
compared to GPT-3.5 (TT1 — TT2: 0.893, TT2 —
TT3: 0.174). This suggests that GPT-4 and GPT-40
exhibited greater sensitivity to prompt changes, re-
flected in broader variations in translation quality
scores compared to the earlier version.

This trend is evident in Example 1 (Appendix
D), which shows that score changes increased in
conjunction with TT2 and TT3 in GPT-4 and GPT-
4o.

4.2 Gender Representation

Gendered Ungendered
Corpus Female | Female Proper
pronoun | noun Male noun Pronoun | Noun

Human 101 21 1123 110 11 21123
GPT35_tt1 78 1 15 94 0 26 129 | 155
GPT35_tt2 198 14 1213 25 16 291 70
GPT35_tt3 207 2 0209 42 18 17| 77
GPT4._tt1 51 2 32| 85 0 19 146 | 165
GPT4.tt2 159 11 2172 112 11 51128
GPT4.tt3 167 5 0172 127 10 51142
GPT4o_tt1 49 10 10 | 69 0 51 134 | 185
GPT4o_tt2 201 12 2215 37 15 5| 57
GPT4o_tt3 154 4 0| 158 100 13 3| 116

Table 4: Frequency of gender representation

Next, to address Research Question 2 regarding
gender neutrality, the analysis focused on the fre-
quency of gender reference expressions used across



Figure 2: Modelwise prompt effects (GPT-3.5, 4, 4o,
top to bottom)

each corpus. Following the analytical categories
established in previous research (Yim, 2025), fre-
quencies of English translations corresponding to
Korean ungendered third-person references were
measured. Table 4 presents the corpus-specific fre-
quencies of expressions identified as the most com-
monly used English translations for the Korean
term geu ae (“that person/child”).

Since some cells contained frequencies of five
or less, a chi-square test was conducted using ag-
gregated frequencies of gendered and ungendered
expressions across each corpus. For simplicity of
comparison, we employed chi-square tests, which
capture only overall associations. Such analysis lies
beyond the present scope and will be pursued in
future work. Although the chi-square test is lim-
ited in that it does not capture interaction effects
between variables, more advanced approaches such
as log-linear modeling would be required for this
purpose. The test revealed statistically significant
differences among corpora (x? = 306.490, df = 9,
p = 1.09E — 60).

In particular, for the TT1 prompt, which
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Note: Panel (a) groups the results by prompt type (TT1-
TT3), while Panel (b) groups them by model. Both pan-
els display the same dataset in horizontal bar format to
improve readability and highlight different comparative
perspectives.

Figure 1-a (top), b (bottom). Frequency of gendered
vs. ungendered expressions across human and LLM
outputs.

provided no explicit gender-related instruc-
tions, the frequency of gendered expres-
sions—indicating binary gender assignment
through inference—decreased progressively
from GPT-3.5 (94) to GPT-4 (85), and further to
GPT-40 (69). This trend suggests increased gender
sensitivity in higher GPT model versions (Figure
-a).

For context prompting (TT2), which explicitly
provided the character name and gender informa-
tion, the frequency of gendered expressions was
highest for GPT-40 (215), followed by GPT-3.5
(213), and GPT-4 (172). Notably, GPT-4 produced
the highest frequency of gender-neutral references
(128) despite explicit gender information (Figure
-a).

In meta-prompting (TT3), which highlighted
genre characteristics and emphasized the impor-
tance of gender ambiguity, all GPT models showed
increased frequencies of ungendered expressions
compared to context prompting (TT2). However,
the magnitude of this increase varied considerably
across models: GPT-3.5 showed an increase of 7
instances (TT2: 70 — TT3: 77), GPT-4 an increase



of 14 (TT2: 128 — TT3: 142), while GPT-40 ex-
hibited a notably higher increase of 59 (TT2: 57 —
TT3: 116) (Table 4, Figure -b).

Notably, GPT-4 and GPT-40 under the TT3
prompting condition exhibited proportions of gen-
dered and ungendered expressions most similar to
the human translation baseline. This suggests that
prompts incorporating contextual information and
explicit instructions emphasizing gender ambiguity
were more effective than zero-shot prompting in
achieving human-like gender neutrality. However,
GPT-3.5 did not achieve human-level performance
in representing gender ambiguity.

To further provide explanatory statistical in-
sights, a two-dimensional correspondence analysis
(CA) was conducted, offering a detailed visual rep-
resentation of distances between the human transla-
tion and the nine MT-generated corpora concerning
specific expressions (Figure 3). Contributions and
coordinates for each corpus and expression are pro-
vided in Appendix E.

Table 5 shows that the eigenvalue for the first di-
mension (Dim1) was notably high at 0.554, surpass-
ing the conventional threshold (> 0.4) for a robust
dimension. Although the eigenvalue for the second
dimension (Dim?2) was relatively lower at 0.109,
it was still meaningful for providing additional ex-
planatory value. Regarding explained inertia, Dim1
accounted for 71.84% of the total variance, and the
cumulative inertia up to Dim2 was 86.82%, indi-
cating sufficient reliability and explanatory power
for interpreting the analysis results.

Dimension | Eigenvalue | Explained _Inertia
Diml 0.554 71.84%
Dim2 0.110 14.28%

Table 5: CA Inertia

Figure 3 shows the correspondence analysis map
using the row principal method (FactoMineR + fac-
toextra default). The rows (corpora) are represented
in principal coordinates, while the columns (lexical
items) are shown as supplementary points. CA re-
sults revealed that GPT-4 TT2, GPT-4 TT3, and
GPT-40 TT3 were positioned closest to human
translation regarding the use of gendered reference
expressions. Conversely, as expected, the three TT1
corpora without explicit contextual information di-
verged significantly from human translation. De-
spite the provision of context and instructions em-

Correspondence Analysis (Dim 1 & Dim 2)
I
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lane i GPT4_tt1 kid
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.
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Figure 3: CA Results.

phasizing gender ambiguity, GPT-3.5 TT3 still fre-
quently produced gendered translations. This sug-
gests that the effectiveness of prompts emphasizing
gender ambiguity increased with the advancement
of the GPT model versions, leading to more human-
like translations.

In Dim1, which accounted for most of the cor-
pus differences, the expressions with the highest
contributions were child (34.8%), kid (24.4%),
and Lane (17.0%). Predictably, the three TT1
corpora—which lacked the explicit character
name—were positioned on the opposite end of
Diml. Human translation, GPT-40 TT3, GPT-4
TT2, and GPT-4 TT3 were closely positioned
around the proper noun Lane, whereas GPT-40
TT2 focused more explicitly on the gender informa-
tion provided rather than employing the character’s
name. Additionally, in the TT1 condition, GPT-3.5
favored inclusive forms, whereas GPT-4 defaulted
toward masculine forms (Example 2 in Appendix
D).

In Example 2, it is also worth mentioning that
the pronoun “they” in the human translation could
either represent a singular pronoun or, based on
context, a plural form referring collectively to Lane
and the protagonist’s daughter. Given that GPT-
3.5 TT1 appeared close to “they” in Figure 3, an
examination of the corpus revealed two instances
(Examples 3 and 4 in Appendix D) where GPT-3.5
likely employed the gender-inclusive singular form
of “they.” In contrast, the newer models GPT-4
and GPT-4o translated these references differently,



using “the child” (GPT-4 and GPT-40, Example
3), gendered expressions such as “the kid” and
“he” (GPT-4, Example 4), or “the girl” and “she”
(GPT-40, Example 4). These translation choices
led general nouns like “child” and “kid” to sig-
nificantly contribute to distinguishing the corpora
along Dim1. Additionally, these tendencies explain
why GPT-40 TT1 was closely positioned to explic-
itly masculine pronouns such as “he” and “him.”

Moreover, despite detailed prompting instruc-
tions, GPT-3.5 and GPT-4 occasionally failed to
correctly infer omitted subjects from the Korean
source text or produced misgendered translations
(Example 5, Appendix D). In contrast, GPT-40 ac-
curately translated the source meaning across all
prompting conditions in the same example, suc-
cessfully reflecting the intended gender ambiguity
through prompting.

5 Discussion and Conclusion

The evaluation of translation quality metrics across
three prompting strategies and GPT model versions
revealed that quality scores were more strongly
influenced by prompts than by model versions.
Specifically, context and meta prompting condi-
tions yielded higher scores compared to zero-shot
prompting. However, comparisons between context
and meta prompting showed mixed outcomes: av-
erage scores decreased in six corpora but increased
in only three corpora, suggesting that excessively
complex prompts may not consistently enhance
translation quality. Based on MANOVA results
and convex hull visualization from PCA analysis
indicated that newer GPT models tended to ex-
hibit greater sensitivity to prompting variations.
These findings indicate that prompt-induced im-
provements in translation quality are negligible for
earlier models but emerge with GPT-40, and primar-
ily on a semantic similarity metric (BERTScore),
suggesting that newer model families may better
leverage context/persona instructions.
Furthermore, the analysis of frequencies of key
gender-marking expressions demonstrated signif-
icant differences among corpora in their use of
gendered versus ungendered forms. Human trans-
lation maintained a balanced 1:1 ratio. All three
GPT models under zero-shot prompting tended to-
ward ungendered forms, whereas context prompt-
ing resulted in substantially higher proportions of
gendered forms. Meta prompting, which provided
genre-specific context and explicit instructions em-

phasizing gender ambiguity with persona, led to
increased use of ungendered expressions, with GPT-
40 showing the largest increase.

The implications of these findings are as follows.
First, although translation quality improved with
context prompting compared to zero-shot prompt-
ing, adding more detailed information such as
genre and gender ambiguity instructions failed to
yield further improvements in some corpora, imply-
ing two possibilities. On one hand, it partially sup-
ports prior research indicating that overly complex
prompts may hinder translation quality (He, 2024).
On the other hand, it aligns with studies suggesting
that providing context can enhance translation per-
formance (He, 2024; Peng et al., 2023; Sant et al.,
2024).

Second, the greater effectiveness of meta prompt-
ing over context prompting in maintaining gen-
der ambiguity suggests limitations of current au-
tomated translation quality metrics in adequately
capturing literary translation characteristics. Given
the complexity of literary translation evaluation, it
is necessary to adopt additional specialized met-
rics derived from corpus-based human translation
studies (Liu et al., 2024) or to develop tailored eval-
uative frameworks (Zhang et al., 2025). This study
particularly emphasizes the importance of incorpo-
rating translation criticism approaches—addressing
ethical and ideological considerations—into assess-
ments of Al-generated literary translations.

Third, instances where GPT-3.5 translated am-
biguous references using singular “they,” whereas
newer models produced explicitly gendered transla-
tions (e.g., “the girl-she,” “the child—he”), suggest
a concerning trend. Specifically, more recent GPT
outputs might not necessarily reflect increased in-
clusivity regarding non-binary gender. This finding,
while preliminary, indicates the need for systematic
further analysis. Although this study demonstrates
that the latest models can produce gender-neutral
translations when explicitly instructed, continued
advancements in Al should explicitly aim to pro-
mote more inclusive language practices.

Despite the significance of these findings, this
study has several limitations. First, the scope was
limited to multiple versions of a single GPT model;
however, given GPT’s widespread use, this limita-
tion is somewhat justified. Future studies should ex-
pand the analysis to include diverse models such as
DeepL, Gemini and Claude to further examine de-
velopments in translating gender-neutral references.
Second, the prompts utilized in this study specif-



ically focused on literary translation and gender
neutrality. Although narrow, this linguistic focus
effectively allows for a detailed exploration of trans-
lation guidelines and prompt efficacy. Lastly, due to
the creative nature of literary translation tasks, the
temperature setting was intentionally increased to
0.7; however, translations were generated through
a single iteration. Future research should verify the
stability of these findings through repeated transla-
tion tasks.

The implications of this study are threefold. First,
by highlighting the challenges of generative Al
translation between languages with differing gen-
der grammars, this research provides significant in-
sights not only into Al literature but also for transla-
tion studies and English writing education. Second,
by examining how generative Al has evolved re-
garding gender grammar, this study underscores the
necessity for ongoing research into ethical consider-
ations within Al-generated translations. Lastly, by
emphasizing the importance of prompt engineering
in contemporary Al models, this study contributes
to advancing creative translation research, particu-
larly in literary domains utilizing Al
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A Prompts (Yim, 2025)

Corpus Prompt

TT1(Zero-shot) | “Each translation request must be treated independently, without remembering
or referring to previous requests. Do not retain memory or context. Please
translate each Korean sentence into English.”

TT2 (Context) | “Each translation request must be treated independently, without remembering
or referring to previous requests. Do not retain memory or context. In this
context, ‘_1 o]’ refers to Lane, a woman. Please translate each Korean sentence

into English.”

TT3 (Meta) “Each translation request must be treated independently, without remembering
or referring to previous requests. Do not retain memory or context. You are a
professional literary translator with deep sensitivity to gender identity, emotional
nuance, and queer relationships. Please translate each Korean sentence into
fluent, expressive, and natural English. Preserve ambiguity where appropriate,
and maintain the rhythm, tone, and intimacy of the original text. In this context,
71 o}’ refers to Lane, a woman. Please translate each Korean sentence into

English.”

B MANOVA Results

Wilks’
Effect A F df1 df2 p
Prompt 0.9888 | 3.0814 3284 0.0052
Model 0.9847 | 4.2355 3284 0.0003
Prompt X 0.9961 | 0.5265 | 12 | 4328.74 | 0.8991
Model
C PCA Results
Explained variance and loadings
Principal Component | Metrics Value
Explained Variance (%) | 75.87
PCl BLEU_z Loading 0.579
TER inverse z Loading | 0.582
BERTScore_z Loading | 0.571
Explained Variance (%) | 12.8
PC2 BLEU_z Loading -0.495
TER inverse z Loading | -0.305
BERTScore_z Loading | 0.813

Centroid coordinates by Corpus

Corpus PC1 PC2

GPT3.5TTI | -0.311 | -0.036

GPT3.5TT2 | -0.107 | -0.019

GPT3.5TT3 | -0.142 | -0.009

GPT4 TT1 -0.189 | -0.019

GPT4 TT2 0.197 | -0.005

GPT4 TT3 -0.088 | -0.037

GPT40 TT1 | -0.064 | -0.001

GPT40 TT2 | 0.369 | 0.033

GPT40 TT3 | 0.336 | 0.095

Convex hull area changes across prompting
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Version TT1 A TT2 A TT3
GPT-3.5 | 18.161 | 0.893 | 19.054 | 0.174 | 19.228
GPT-4 19.932 | 1.575 | 18.356 | 5.011 | 23.368
GPT-40 | 17.718 | 2.206 | 19.924 | 2.859 | 22.784

D Examples from Corpora

Example 1: ID #731

ST: 71 o7} Al S S0 Ut w2 e
HT: She raises her head for a moment, meets my
gaze.

GPT-3.5
TT1: That child briefly raises their head and meets
my eyes.

TT2: She raises her head for a moment and meets
my eyes (BLEU: 0, TER: -20, BERTScore:
+0.0062).

TT3: She raises her head for a moment, meets my

gaze (BLEU: 0, TER: 0, BERTScore: +0.005).

GPT-4

TT1: The kid lifts his head for a moment and makes
eye contact with me.

TT2: Lane momentarily raises her head and makes
eye contact with me (BLEU: 0.0081, TER:
+80, BERTScore: +0.0086).

TT3: Lane lifts her head for a moment, locking
eyes with me (BLEU: 0.0081, TER: +80,
BERTScore: +0.0093).

GPT-40

TT1: The child briefly lifts their head and makes
eye contact with me.

TT2: Her eyes, which had been lingering at a point
past me, meet mine (BLEU: -0.02 TER: +40,

BERTScore: +0.0093).

She briefly lifts her head and meets my
eyes (BLEU: -0.02, TER: +40, BERTScore:
+0.0093).

TT3:

Example 2: ID #773

ST: 71 o7} @ v 5 Ui7h 71 A3 il T
J17o|H.

HT: Those were the first words I said to her after
they moved in.

GPT-3.5 TT1: The first thing I said after he/she
came was that.

GPT-4 TT1: The first thing I said to him after he
came was that.

GPT-40 TT1: The first thing I said after that child
arrived was that.

Example 3: ID #669

ST: 71 ofji= 5517 2H4l 2] o] 22 Tl a
© §71g gt

HT: Lane gets up in surprise and evenly states name
and purpose of visit.

GPT-3.5 TT1: They calmly state their name and
explain the reason for their visit.

GPT-4 TT1: The child calmly states his name and
explains the purpose of his visit.

GPT-40 TT1: The child calmly states their name
and explains the reason for their visit.
Example 4: ID #3693

ST: FHpol 4 2 AE 1 o= Alo] &
24t gorrka gt

HT: Lane, who was washing fruit in the kitchen,
thought she was asleep.

GPT-3.5 TT1: The person washing fruits in the
kitchen said that they thought Zen had fallen
asleep. o

GPT-4 TT1: The kid, who was washing fruits in
the kitchen, said he thought Zen was asleep.
GPT-40 TT1: The kid, who was washing fruits in
the kitchen, said he thought Zen was asleep.
GPT-3.5 TT2: She said that she thought Jen had
fallen asleep just because she was washing fruit in
the kitchen.

GPT-4 TT2: The girl, who was washing fruit in the
kitchen, said she thought Zen had fallen asleep.
GPT-40 TT2: The girl, who was washing fruit in
the kitchen, said she thought Jen was asleep.
GPT-3.5 TT3: The one washing fruit in the kitchen
said she thought Jen had fallen asleep.

GPT-4 TT3: Washing fruit in the kitchen, Lane said
she had thought Jen was asleep.

GPT-40 TT3: Lane, who was washing fruit in the
kitchen, said she thought Jen was asleep.
Example 5: ID # 1350

ST: @401 Q. 71 oft}.

HT: Hi, you’re home, says Lane.

GPT-35

TT1: You came. That kid.

TT2: She has arrived. (@)

TT3: She’s here. It’s her.

GPT-4

TT1: He’s here. That’s him.

TT2: She’s here. It’s Lane.

TT3: She’s here. It’s Lane.

GPT-40S

TT1: You’re here. It’s that kid.

e

o}

=
=
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TT2: You’re here. It’s her.

TT3: You’re here. It’s Lane.

E Detailed CA Results

Corpus Coordinates Contributions

Dim1 | Dim2 | Dim1 | Dim 2
human -0.572 | 0.419 | 5.351 | 14.450
GPT35.ttl | 0.943 | -0.340 | 14.672 | 9.591
GPT4 _ttl 1.447 | 0.459 | 34.681 | 17.513
GPT4o.ttl | 1.155 | -0.058 | 22.348 | 0.286
GPT35.t2 | -0.245 | -0.506 | 1.121 | 24.082
GPT4.tt2 | -0.522 | 0.219 | 5.407 | 4.804
GPT40.tt2 | -0.381 | -0.260 | 2.604 | 6.092
GPT35.t3 | -0.342 | -0.367 | 2.219 | 12.827
GPT4.tt3 | -0.558 | 0.259 | 6.489 | 7.018
GPT40.tt3 | -0.530 | 0.191 | 5.108 | 3.337

Coordinates & Contributions (Corpus)

Coordinates Contributions
Gender Word i1 [ Dim2 | Dim 1 | Dim 2
she -0.332 | -0.287 | 4.612 | 17.291
her -0.278 | -0.101 | 3.811 | 2.552
Gendered him 1.577 | 0.638 | 4.150 | 3.417
he 1.417 | 0.280 | 5.093 1.001
girl -0.303 | 0.141 | 0.429 | 0.470
woman | -0.680 | 0.463 | 17.086 | 39.860
lane 0.374 | -0.281 | 0.280 | 0.798
they 1.471 | 0.050 | 34.846 | 0.199
their 1.672 | 0.455 | 24.469 | 9.094
Ungendered | them 0.530 | -0.878 | 1.728 | 23.842
child -0.332 | -0.287 | 4.612 | 17.291
kid -0.278 | -0.101 | 3.811 | 2.552
person | 1.577 | 0.638 | 4.150 | 3.417

Coordinates & Contributions (Gender Expres-

sion)
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