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ChatGPT Self-Correction Outputs between Self-Provided and

External Feedback in Translating Medical Texis

Abstract:

This study aims to investigate both external and self-provided feedback strategies
and their effects on ChatGPT’s self-correction for the purpose of improving its
translation performance. The study evaluates the effectiveness of the proposed
strategies and points out which strategy is more effective when translating English
medical texts into Arabic. The researchers chose 15 English medical texts. These
texts were translated into Arabic by ChatGPT using a default translation prompt. The
translated texts are manually annotated and evaluated. The researchers, then,
retranslate the texts, where some of the texts were retranslated using the self-
provided feedback and some were retranslated using external feedback. Both
feedback strategies are used to exploit ChatGPT self-correction. Manual evaluations
of the initial translation and the retranslation are performed to evaluate the
effectiveness of the used feedback strategies. The effectiveness of each of these
feedback strategies is evaluated based on the improvement rate of the retranslation.
The study reaches a conclusion regarding the most efficient feedback strategy, which
is the error taxonomy feedback strategy. The study is very important for translators,
post-editors, researchers, and developers of MT. It also provides recommendations
for future work.

Keywords: self-correction, self-provided, external, feedback, medical texts,
ChatGPT.
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Introduction

Machine translation is considered to be an inexpensive and time-saving alternative
to human translation. However, it is important to get a translation output that meets
the quality requirements, especially when it comes to scientific context, where the
quality of translation must meet the maximum requirements.
The quality of machine translation, therefore, is a crucial aspect and, accordingly, a
very interesting field of research. Investigating the performance of machine
translation systems and proposing strategies to improve the quality of machine
translation are the focus of the recent research literature on machine translation.
Accompanying the great advancement in the field of machine translation, there are
continuous heated discussions regarding the quality of machine translation. There
are proposals in the literature that state that machine translation has achieved parity
with professional human translation (Hassan et al., 2018; Barrault et al., 2019). On
the other hand, there are proposals that state that such parity has not been achieved
yet and machine translation still falls short when it is compared to professional
human translation (Laubli et al., 2018; Toral et al., 2018; Freitag et al., 2021).
Regardless of these debates, it can be stated that machine translation is advancing
and that high-quality translations are provided by machine translation. However, it is
also undeniable that there is still a gap between machine translation and professional
human translation as proposed in the literature. Recent studies that have performed
error annotation have come out with a comparatively long list of various translation
errors (Popovi¢, 2021; Kocmi, 2022).
Recently, with the advent of new large language models (LLMs), a new wave of
research has started for the purpose of investigating the quality of translation
provided by LLMs such as ChatGPT and Gemini. Such research is crucial since
improvement of automatic translation requires more fine-grained analyses in regard
to translation quality.
Recent studies on LLMs have shown that their translation outputs show numerous
errors and their performance is still lacking (Zhu et al., 2023; Nagi et al., 2024). This
poses a great threat, especially when it comes to medical translation. A translation
error in the medical context can be critical and may lead to life-threatening situations
(Karwacka, 2014; Mehandru et al., 2022).
Accordingly, careful post-editing is required. Studies have indicated that LLMs have
also shown the capability of self-correction when provided with external feedback
and self-provided feedback (Chen et al., 2023; Raunak et al., 2023; Feng et al.,
2024; Nagi et al., 2024; Ki and Carpuat, 2024; and Hezam & Nagi, 2025). The study
examines how ChatGPT's translation performance can be improved via the proposed
strategies and whether it meets the quality requirements.
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This study, therefore, is an effort in this area in which the translation outputs of
ChatGPT are evaluated and errors are classified. The study evaluates ChatGPT’s
capability of self-correction using external and self-provided feedback.

1.1 Problem Statement

With ChatGPT being one of the most prominent LLMs, it is important to examine its
performance in the field of translation. The model still suffers from the recurrence of
translation errors, especially when translating from English to Arabic due to the wide
divergence in morphological and syntactic structures. It is also because of the fact
that there are not many annotated Arabic corpora. Due to that, the translation
performance should be improved, especially when it comes to the translation in the
medical field. Therefore, self-correction strategies should be examined to ensure
high-quality translation.

1.2 Objectives of the study

The study aims at examining the effectiveness of feedback in ChatGPT’s self-
correction process. The study investigates two feedback strategies, namely self-
provided feedback and external feedback, that induce ChatGPT’s self-correction and,
accordingly, the production of high-quality translation outputs. The study evaluates
the effectiveness of the proposed strategies. The study evaluates the translation
outputs and concludes their appropriateness to the medical context.

1.3 Research Questions
e How effective is the self-provided feedback in ChatGPT’s self-correction
process in the field of medical translation?
e How effective is the external feedback in ChatGPT’s self-correction process in
the field of medical translation?
e Do the translation outputs after self-correction meet the requirements of the
medical context?

1.4 Significance of the Study

This study is the first that investigates the capacity of self-correction of ChatGPT in
the case of translating from English to Arabic in the medical context. The study uses
two different feedback strategies in the process. This is crucial to the development of
automatic translation. Therefore, the study is a great addition to the literature of
automatic translation and translation in general. To the best of the researchers’
knowledge, it is the first study related to Arabic translation that investigates various
feedback strategies of ChatGPT to perform self-correction on medical texts.

1.5 Limitation of the Study
The study is limited to English/Arabic translation using ChatGPT. The study is also
restricted to a limited number of medical texts and reports. The concluded results,
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therefore, may not apply to other languages or different contexts. This study
examines two feedback strategies: external feedback and self-provided feedback.

1. Literature Review

2.1 ChatGPT

ChatGPT has recently become the most well-known artificial intelligence (AI)
application whose popularity began even before its official launch, when some
companies like BBC, CNN, and People's Daily announced the forthcoming Al
revolution. Due to its ability to perform various tasks effectively, ChatGPT quickly
rose in popularity. Generating text, classifying text, answering questions, writing
code, and translating languages are some of those tasks (Siu, 2023).

Jiao et al. (2023) and Hendy et al. (2023) showed that the performance of ChatGPT
in translation is on par with that of commercial translation systems such as Google
Translate when it comes to the translation of high-resource European languages.
However, it lags behind in translating low-resource languages. It is also indicated
that ChatGPT struggles with translating biomedical abstracts or Reddit comments,
but it excels at translating spoken language. According to Jiao et al. (2023), the
GPT-3.5 model underperforms in specific domains when compared to its performance
in the translation of spoken languages. Khoshafah (2023) mentioned that ChatGPT
encounters difficulties with specialized texts such as scientific, medical, legal, or
literary texts; however, it performs well with simple content. Zhu et al. (2023) also
stated that while the multilingual translation capabilities of LLMs are improving, GPT-
4 still has not achieved the desired level of performance when it comes to low-
resource languages. Nagi et al. (2024) also asserted that ChatGPT translation
outputs show a high error frequency when translating complex English sentences
into Arabic.

2.2 Self-Correction

According to White et al. (2023), a prompt is referred to as “a set of instructions
provided to an LLM that programs the LLM by customizing it and/or enhancing or
refining its capabilities.” The effectiveness of using prompts and various strategies of
prompting to get a ChatGPT output with a higher quality is an interesting topic of
research. It has been mentioned, in various fields, that there is a direct relationship
between the output quality and the prompt quality and that using informed or
specific prompts can effectively improve the output (White et al., 2023; Giray, 2023;
Liu et al., 2023, among others).

In the field of translation, the effectiveness of prompt engineering on the translation
output has received minimal attention. There are, however, a few interesting
prompting strategies that have been implemented and confirmed to improve the
translation output (Jiao et al., 2023; Gao et al., 2023; Siu, 2023). It has also been

Journal of Social Studies

https://journals.ust.edu/index.php/JSS



https://journals.ust.edu/index.php/JSS

Hesham A. Almekhlafi  Khalil A Nagi
Volume 31, No. (10), 2025

indicated that the default prompts suggested by ChatGPT perform well with slight
differences in their performance (Jiao et al., 2023).

It has been pointed out that special prompting strategies significantly enhance the
quality of the translation produced by LLMs. One of these prompting strategies has
been proposed by Jiao et al. (2023). It is referred to as the pivot strategy. According
to this strategy, ChatGPT is required to translate source text into a high-source pivot
language before translating into the target language. Jiao et al. (2023) have stated
that this strategy significantly improves the translation quality.

Gao et al. (2023) have also pointed out that ChatGPT outperforms commercial
translation systems when thoughtfully designed prompts are employed. In their
study, they have suggested prompts that contain translation task information (both
the target language and the source language are identified), context domain
information (the domain of the text is identified, such as news, legal, etc.), or part-
of-speech tags. It has been pointed out that the study results demonstrate that the
suggested prompts significantly improve the performance of ChatGPT in translation.
It has also been noted that prompts with contextual information enable ChatGPT to
produce enhanced translation output (Siu, 2023).

An interesting study in this aspect has been carried out by Gu (2023), in which
linguistically informed prompts have been incorporated and utilized in the translation
of Japanese attributive clauses into Chinese. It has been pointed out that such
prompts enhance the translation accuracy by more than 35%.

The use of a self-correction strategy is also a very interesting recent approach to
informed prompting in LLM translation, where the model is asked to modify the
original translation using a proposed strategy. Chen et al. (2023), Raunak et al.
(2023), and Feng et al. (2024) have employed adopted strategies that rely on
prompting the model to self-correct its previous translation. Nagi et al. (2024) and
Hezam & Nagi (2025) have also adopted self-correction strategies to improve
ChatGPT translation performance. This approach has been proven to be effective,
and better translation outputs have been produced by the investigated LLMs using
such an approach.

LLMs' self-correction strategies can depend on self-provided feedback, i.e., feedback
that is provided by the LLM itself with prompts such as give a better translation. 1t
can also depend on external feedback, where the models are provided with the
translation errors or even their types.

Since the use of the self-correction approach to improving the translation output
seems promising, further investigation is required. New research will help propose
more effective and stable strategies. This study, therefore, aims to examine
strategies that improve LLMs' translation performance within the framework of the
self-correction approach. The researchers use both the self-provided feedback and
the external feedback and examine the effectiveness of each method.
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To the best of the researchers’ knowledge, this will be the first study that examines
the capacity of ChatGPT’s self-correction using different feedback strategies that
improve the Arabic translation of English texts.

2.3 Medical Translation

Medical translation is very significant from different points of view since it helps
spread the knowledge and recent breakthroughs related to the medical field. It also
helps in providing better healthcare services to foreigners or in areas where
international organizations provide their services. There are major issues and
challenges to medical translation. Some of these issues are medical terminology,
lexical equivalence of medical texts, and readability and quality issues (Karwacka,
2015). Outstanding translation quality should be assured in medical contexts, and a
mistranslation can result in substantial consequences, including life-endangering
ones (Karwacka, 2014; Mehandru et al., 2022).

Recent studies have pointed out that Arabic machine translation in general faces a
genuine challenge when it comes to medical context. Mahadin and Olimat (2022)
have stated that due to the complexity of Arabic, rendering COVID-19 information in
the Jordanian context, machine translation becomes a hard task. According to
Khoshafah (2023), ChatGPT cannot perform well in dealing with translations of
specialized texts, including medical texts, while it can do well in translating simple
content. Alzain et al. (2024) also have concluded that ChatGPT performs poorly when
translating scientific texts, including medical texts. They have stated that the
translated texts show high error frequency, suggesting more training.

3 Methodology and Results

3.1 Texts and Initial Translation

The researchers select 15 English medical reports and medical texts from different
essays. The texts are examined by a team of four linguist experts, including the
authors, to ensure their equivalence. The texts are divided by the team into three
equivalent groups of five texts each. All the texts are translated by ChatGPT using
the default translation prompt. 7ranslate these texts from English into Arabic.

3.2 Evaluation

Each group of the translated texts is processed differently. One of the translated text
groups is left without annotation by the experts to be processed using the self-
provided feedback strategy. The other two translated text groups are annotated by
four professional annotators, where the errors are marked in one group and marked
and classified in the other. In other words, the expert annotators point out the errors
in the first group without identifying their types. They, however, point out the errors
in the other group and identify their types according to the MQM framework as
proposed in Lommel (2014) and later modifications. (Check https://themgm.org/the-
mgm-full-typology/ for the detailed MQM taxonomy.)

To evaluate the effectiveness of the used feedback strategies, manual evaluations of
the initial translation and the retranslation are performed by the four professional
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annotators using a secular quality metric (Freitag et al., 2021). This metric uses a 0-
6 Likert-like scale. Its ranks are as follows:

6: Perfect Meaning and Grammar: The meaning of the translation is completely
consistent with the source and the surrounding context (if applicable). The grammar
is also correct.

* 4: Most Meaning Preserved and Few Grammar Mistakes: The translation
retains most of the meaning of the source. It may have some grammar mistakes or
minor contextual inconsistencies.

* 2: Some Meaning Preserved: The translation preserves some of the
meaning of the source but misses significant parts. The narrative is hard to follow
due to fundamental errors. Grammar may be poor.

* 0: Nonsense/No meaning preserved: Nearly all information is lost
between the translation and source. Grammar is irrelevant.

3.3 Self-provided Feedback Strategy
Five of the texts that are translated by ChatGPT using the default prompt are used
here. ChatGPT is provided with one of the Arabic translated texts and the
corresponding English source text along with a prompt that asks ChatGPT for a
retranslation as indicated below.
Source Text:
HAV is a single-stranded RNA virus. Infectivity occurs primarily through fecal-oral
transmission, and after ingestion and absorption, the virus replicates in the liver and
is excreted in bile. HAV enters into the hepatocyte by specific receptors located on
the plasma membrane. Viral RNA is uncoated after uptake and binds to ribosomes,
stimulating the synthesis of viral proteins, and replication of the viral genome occurs
by RNA polymerase. The virus is then secreted into the biliary tree and excreted in
feces, where high concentrations of HAV are detected [12, 13]. An immunologic
response occurs within the liver, leading to portal and periportal lymphocytic
infiltration, and potentiates liver damage. A limited number of cases have been
reported from blood transfusions and vertical transmission from mother to fetus.
Initial Translation:
JSLin Sl Gaxs aladwdl SslsT RNA Gugpud 9 A (HAV) auSIl Olpsdl wg pud
5585 5 2SIl (08 G il Sy olasoly Aol sy «Seaddl-oS;hul JasVl e sl
sheall (o8
A2y oo Ml sl (sde 85g>90 8530 WMbiwo jue &SIl LMl (J] HAV 50,
(RNA) (sewg el (sl Sogidl paozll b g cosowg uall Ml &lj] pi o>
osowg bl pgil daclas pis oS g all Wligl 2l ez low «Olog g JU
RNA.; | uodgs ou3l adawlg
oSoy > Gl e azlys] pi pog dglraall wlgisll (89 Gugsuall 18] s a2y o
S Gy pall o dlle wlisS i Blass|
Je>9 aulll asglanll LMl 2L, (sl 5380 Low auSIl S>> auclio @bl Gz
ASIU )l S| (59 pdlun Lo aul]
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JsVl gl el Ji pue Seasdl lpwd cdasl ool OVl oo S9az0 sac e ¢V p
szl | VI o (S3gesll
Prompt: Improve the initial Arabic translation and provide the final Arabic
translation.
Both the initial translation and the retranslation are evaluated by the team of
professional annotators to measure the improvement of translation and, accordingly,
the effectiveness of self-provided feedback. The results come as shown in Table 1
below.
Feedback Strategy  Original Translation Retranslation Improvement

Self-provided 67.50% 82.50% 15 %

3.4 Error Marking Feedback Strategy

Error marking is considered a human annotation method. In this method, the
annotators mark the translation issues in MT outputs without assigning error labels.
According to Kreutzer et al. (2020), this method significantly minimizes the human
annotation effort. Popovi¢ (2020) has also argued that this method is more beneficial
than error classification, as it is both informative and less demanding. Such an
annotation method can be further leveraged to conduct distinct types of analyses
(Popovi¢, 2020). In this study, errors are marked, and the errors in one group of
texts form the source of external feedback.

As with the rest of the groups, five texts are used here. After getting the initial
translation, the texts are processed by the annotation experts. The errors in the
translated texts are marked. At that point, each text is joined with the source text,
the initial ChatGPT translation from English to Arabic, and the list of translation errors
without categorization. The following format illustrates how this process is
performed.

Source Text

These recommendations are based on two studies in adults. In the first, lamivudine
was administered to 17 patients with fulminant HBV in a German center. Of these, 14
recovered without liver transplantation, two required transplants, and one died from
cerebral herniation. An additional 20 patients from five other centers were also
included in the report, of whom 15 survived without transplantation [3]. In a
randomized control trial of 71 adult patients (31 lamivudine, 40 placebo) reported
from India, lamivudine decreased HBV DNA level more than placebo, but there was
no difference in clinical outcome [4]. There are no data regarding treatment of acute
HBV in children.

Initial Translation:

Laayre W I Ga3sa e sliact a3 (oM Juuly ) 58 Gt e Lol Guliulys (3 Oluogidl 020 il
I A ladt 395 Lagse V¢ BT (W58 (i (0 -Gilell o JEm e B abls B s gl (e Ggdlay
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Vo Lol ppd Jods UBy oeles G2 el Uy (D300 (355 Ledew (asy) (T1 GLOY E Ly ¢ s Tasy)
AOlgdie )y 8 YN s Taah) (1 et (93 10 agie Led (6T 35 e (3 LALS) Lagye
O399 M B (gl 8 (Luady adle 1980 €09 ((n35a Y 193006 Y1) WL Laaye VY le Cosal egsame
AL B (9,8 Smlis (520 &Y SR (edslt TN (e sdsml HBY (gt 901 ezl Soiue (e
Jlaka¥ gt sttt B asatt olgih z e Joo 5,890 Olike davgd ¥ L[ €]\ Ty pdt
" OLSN 719 " laape V¢ LBlaT (oW 0 e s Ll B absInitial Translation Errors: ™
Solia Sy af HEaI "B "iregacme gl (B (nOilgdis Tyl (B T agie L " Lol p )BT Jadi LBy
"Js> 35850 Olikey v sl ¥ (B (90
Prompt: Based on the initial translation errors, please provide the final Arabic
translation.
With this process of external feedback, a modified translation is given by ChatGPT.
This final translation and the initial translation are evaluated by the team of

professional annotators. using as a secular quality metric (Freitag et al., 2021), as
mentioned earlier.

After evaluating both translations, the results are as shown in Table 1 below.
Feedback Strategy  Original Translation Retranslation Improvement

Error Marking 64.17% 82.92% 18.75%

3.5 Error Taxonomy Feedback Strategy

This process also includes 5 texts translated using ChatGPT’s default prompt. In
contrast to the prior group, the texts in this group are processed in accordance with
a more organized error analysis that includes an error taxonomy. Each text here is
combined with the source text, the initial ChatGPT translation from English to Arabic,
and the list of translation errors with taxonomy. The types of errors made in the
original Arabic translation are categorized according to the MQM error taxonomy
(e.g., word order, cohesion, function words, and terminology). The process once
more includes the source text, the initial translation, and the classified errors. The
example below demonstrates this approach. The following format illustrates how this
process is performed.

Source Text:
He received 6 cycles of induction with bortezomib-lenalidomide-dexamethasone and

then commenced lenalidomide maintenance therapy. His initial disease was
complicated by multilevel vertebral disease, hypercalcemia, and renal impairment.

During ongoing maintenance therapy, due to immune suppression, Fie has suffered
at least 3 episodes of bacterial pneumonia requiring IV antibiotics and inpatient care.
He continues to have some physical limitations due to previous vertebral involvement
and therefore requires supervision and surveillance for ongoing risk of complications.
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For these medical reasons, travel abroad would not be advisable.
Thank you.

Initial Translation:
YoV agisal B suaiielt 5531 29t Plo WLy (a0 rell 10 adedD 45
Mikualt e Ty o3 (9} ipelusmny - dpag Lot -Gaeran ) 9 ol iy (oot & Mall (o Silygd 7V (AL5
b,y (Oligiuall Salie (5,30 (Srey Albol Cowe Sudme Hde¥l Al SOl . duegddlid afudiuly
(A Al (B 2Dy (A gt
Gl gl Ge JBY Lle Oligh &M Go dle (relialt Cusn Cowyy (ilually seliuwalt ZMal) ¢ L
Adcuxtt 39.@N A (e Alay Ja ¥ Ladliuadt (513 Talesy g g Olalae Codiald (a0 ,2xt
Orlaslae &g Hlas o 5 ratiue i pa9 (o 14 o v oy 942 ot 2 ¢ (abu i p30M 51 Cow
T el (o 0 ki ey ¥ (fado Ll
Initial Translation Errors: “gaas 43 / word form,” “Julke¥l / word form,” ™ 1:4s jadeis 43
le¥l assett [/ Style,” “Lats ... / omission,” “Cityes / Wrong term,” " &a =it / wrong
term,” “waLalt / wrong term,” “calss / wrong term & cohesion,” “Glgiwett /
punctuation,” “sat / punctuation,” “JaLwatt / wrong term,” Y Jile ... / omission,” “.......
Cudtas / missing function word,” “Ji5a ....... / omission,” " as / wrong term,” “iuede ol
/ style,” " asat ;52 / style”
Prompt: Based on the initial translation errors and their types, please provide the
final Arabic translation.
With this process of external feedback, a modified translation is given by ChatGPT.
This final translation and the initial translation are evaluated by the team of

professional annotators. using as a secular quality metric (Freitag et al., 2021), as
mentioned earlier.

After evaluating both translations, the results are as shown in Table 1 below.

Feedback Strategy  Original Translation Retranslation Improvement

Error Taxonomy 63.33% 89.17% 25.84%

4 Discussion

The study explores the effectiveness of three different feedback strategies on the
improvement of ChatGPT performance when translating medical texts from English to
Arabic. The result shows that the quality of translation promisingly improved with the
three feedback strategies used in the study. Despite the fact that the resulting
translation is not perfect, it shows great improvement, especially in the case of the
error taxonomy feedback strategy. Following this strategy, the retranslation scores
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89.71% according to the experts’ evaluation, with a 25.84% improvement. This
improvement undeniably confirms the effectiveness of this method.

Other feedback strategies do not disappoint either. With a percentage of 18.75%,
the error-marking feedback strategy also shows a great improvement. The
retranslation scores a high percentage of 82.92% according to the evaluation of the
experts. The self-provided feedback strategy also shows a high percentage of
improvement since it achieves an improvement percentage of 15%, scoring 82.5 in
terms of the total quality evaluation.

The improvement resulting from using these feedback strategies shows that both
error marking and self-provided feedback strategies have achieved good
improvement, and the final quality is very good. On the other hand, the error
taxonomy feedback strategy has achieved a better improvement, and the final
quality of translation is higher.

As mentioned earlier, the retranslation is still not perfect. However, with the high
quality achieved with the error taxonomy feedback strategy, it is a step forward
toward getting a translation with a higher quality and almost a perfect one, taking
into consideration that the texts used in this study are medical texts.

5 Conclusion

The study investigates the effectiveness of three feedback strategies on the
improvement of the quality of ChatGPT translation of English medical texts to Arabic.
The study findings exhibit that feedback strategies improve the initial ChatGPT
translation effectively. The error taxonomy feedback strategy is the most effective
and promising strategy. Despite the fact that the translation is still not on par with
professional translation, it seems with more investigation and training with various
data, the translation will be more accurate.

It can be stated here that ChatGPT's response to feedback has shown its potential
for development and that it is and will be a great asset to translators, particularly in
all fields, including medical translators. Therefore, further future studies should be
performed with the concentration on accurate error identification and prompt
engineering. More investigation should focus on creating feedback strategies and
how to make LLMs more adaptable to feedback. This will undoubtedly lead to more
precise and accurate translation outputs.
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