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Abstract 

The landscape of higher education requires both students and educators to develop 

Generative AI (GenAI) literacy. With an increasing number of citizens accessing health 

information on digital platforms, specialized translation of health information using 

GenAI can improve care outcomes if translators can account for bias embedded in data. 

Customizing a GPT is an accessible and quick way to adapt LLMs, especially in 

specialized translation where there is scarce high-quality data for pre-training or fine-

tuning. We customize ChatGPT with role and task instructions, supply it with knowledge 

graph analysis data files for retrieval-augmented generation (RAG), and develop special 

commands to address domain knowledge gaps of LLMs and technical accessibility. 

Preliminary testing shows that the custom GPT supports translators’ diagnosis of 

machine translation when comparing to a human translation, and enables them to see 

how the machine may alter the biomedical relationship structure. 

Keywords: Custom GPT; Specialized Translation; Higher Education; AI Literacy; 

Generative AI; Large Language Models (LLMs). 

1. Introduction  

Large Language Models (LLMs) present a new opportunity for Generative AI (GenAI) to 

automate complex knowledge-intensive tasks. As researchers from different disciplines 

interested in the health sciences and climate policies, we sought to apply LLMs in higher 

educational settings to prepare students to use, understand, and assess them in school and the 

workforce. The academic landscape requires educators and students to develop skills for using 

GenAI with integrity (Sejdiu & Sejdiu, 2025). Stereotyped biases are embedded in textual data 

(Caliskan et al., 2017). If educators and students translate these biases without scrutiny, 
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misinformation seeded by algorithmic bias is magnified, which can exacerbate health inequity 

by widening gaps in knowledge between people with high and low health literacy (Franklin et 

al., 2024; Joseph, 2025). This project provides a unique example of the challenges involved in 

fitting technological solutions into the pedagogy of higher education (Zawacki-Richter et al., 

2019). In the case of specialized translation, we wish to teach students how to diagnose and 

improve machine translations for large scale corpora in the age of misinformation, through 

understanding and assessing how human translations may differ due to the domain and 

audience. 

1.1. Motivation for customizing a GPT 

General purpose GenAI, such as ChatGPT, do not serve our translation and pedagogical needs 

because they do not have the required domain training. Due to the novelty of the domain data, 

there is also insufficient high-quality data for pre-training or fine-tuning a model considering 

that the data is limited to what is readily available, and these data can be missing nonrandomly 

(Cross et al., 2024). Therefore, we focus on adapting an existing LLM. Previously, we found 

that GenAI could not identify misinformation as a topic until we prompted it with key words 

using our existing expertise on misinformation (Rufrano et al., [Forthcoming]; Herget et al., 

2024). Consequently, we thought we could configure GenAI with effective prompt engineering. 

We propose customizing ChatGPT with role and task instructions, retrieval-augmented 

generation (RAG), and special commands to address domain knowledge gaps and technical 

accessibility issues of general purpose LLMs. Assigning a role and providing a description can 

enhance translation quality (Yamada, 2024; He, 2023). RAG can incorporate in interactions 

retrieved information that are out-of-domain (Lewis et al., 2020). Special commands can 

develop input semantics and prompt patterns to increase the accessibility of a successful 

interaction and control the output template, respectively (White et al., 2023). For RAG, we 

create linguistic data files that segment and summarize the knowledge graph of the source text 

and machine translation. We also provide users human translations to submit in their interaction. 

1.2. A custom GPT to develop Generative AI literacy 

The project goal is to show students how to interact with LLMs, or learn prompt engineering. 

Since the release of LLMs, anyone could access them, like ChatGPT, for free without 

undergoing training, and may encounter risks, including spreading misinformation (Stevic et 

al., 2025). We design a custom GPT to develop GenAI literacy, and organize learning objectives 

into navigation, appraisal and understanding (Stevic et al., 2025). In this paper, we detail the 

learning objectives; the design and implementation of the custom GPT; and the user workflow 

and reflections. We end with a discussion on how our design could apply to other domains and 

improved in higher education. The main contribution of this paper is to showcase how to 
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develop and improve GenAI literacy learning objectives for specialized translation through co-

designing with instructors and testing with specialized users. 

2. Generative AI Literacy and Technical Requirements 

We came up with six learning objectives, organizing them by GenAI literacy category, and 

mapping them to custom GPT technical specifications (Table 1). 

Table 1. Learning objectives for the usage of the custom GPT 

GenAI literacy Learning Objectives Technical 

Specification 

Navigation o Develop the ability to interact critically with an 

LLM by analyzing both its translation output and its 

handling of source text entities. 

Instructions for LLM 

and RAG 

Comprehension 

 

o Use RAG to enrich the LLM with additional 

domain-specific information, improving translation 

accuracy and contextualization. 

o Experience how LLMs can be customized without 

fine-tuning to support specialized tasks such as 

medical or patient-oriented translation. 

o Understand the role of AI as an augmented 

intelligence tool, where the human translator 

actively evaluates and improves machine output 

rather than passively accepting it. 

Data, natural language 

processing, and 

knowledge graph 

Appraisal 

 

o Practice identifying and comparing entities across 

source text, AI draft, and human reference 

translation. 

o Reflect on translation decision-making by justifying 

improvements and evaluating which version best 

serves the communicative purpose and audience. 

Special commands 

3. Custom GPT Design 

The custom GPT design guides users through a specific workflow that eliminates inconsistent 

results and serves as guardrails against hallucinations (Jaźwińska & Chandrasekar, 2025; 

Burford et al., 2024). We preprocess the translation and data analysis, and customize the output 

templates into special commands. 
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3.1. Data 

Our source text corpus is compiled from a Portuguese medical information website 

(https://www.cuf.pt/saude-a-z/), where we select ten conditions. We scrape the data from the 

urls and format them into a table with the title, header, content, url, and a paragraph-sentence 

index. We use the HuggingFace Facebook NLLB 600M model to translate the Portuguese 

source text into German and English; and the NLTK library for parts-of-speech tagging to 

extract triplets of subject-verb-object. These triplets construct the knowledge graph, which 

enables the LLM to reason about the linguistic analysis via RAG. For each language, we 

generate two files, one to view content in chunked segments with extracted relational structures; 

and the other to summarize and compare these structures across texts. We also generate a master 

file combining all three languages side-by-side. 

3.2. LLM instructions 

We provide the LLM with general instructions that define its role (Table 2); data instructions to 

enable the special commands to use the GPT’s “Code Interpreter & Data Analysis” capability 

(Table 3); and define special commands (Table 4). 

Table 2. General instructions: role 

Table 3. First paragraph of data instructions: data files, primary keys, and column headers 

You are provided with a source text in Portuguese containing patient information or general public 

guidance about illnesses in the file “translation_medical_090825.csv”, where the “link” column 

provides the url; the “content_source_portuguese” column provides relevant chunked source text in 

Portuguese by sentence from the url; and the “id” column is the unique key for the dataset that is a 

period-separated concatenation of the columns “title”, “header_source_portuguese” and 

“content_source_portuguese”. This dataset is ordered by “id”, and in addition, the 

“paragraph_sentence_index” provides the paragraph number and sentence number separated by a 

period. The “header_source_portuguese” column provides the header name. 

Your task is to help the user produce or examine a translation draft into German intended for patients. 

For shorter texts, you may be asked to create a human reference translation yourself; for longer texts, a 

reference translation will be provided for benchmarking.  

Help the user focus on the meaning of the text by identifying entities that are altered, omitted, or 

inaccurately translated, and suggest revisions to ensure the source text’s intended meaning is preserved. 

Do this by executing the special commands to help the user see how entities are related in the source 

text and the translation, independently and comparatively. Note the differences to the user. 
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Table 4. Special command to summarize one language using the knowledge graph   

/summarize: Ask the user whether they would like to summarize the source text in Portuguese, or the 

translation text in German or English. Based on the user’s answer, use the file  “triplets_medical<user’s 

answer on what they would like to summarize>_090825.csv”, where <user’s answer on what they 

would like to summarize> is “por” for Portuguese, “ger” for German, and “eng” for English. Visualize 

a histogram of the “value” column and then list the first 5 values from the file with the highest value 

in the “degrees” column, showing columns “nodes”, “status”, “in_degree”, “out_degree”, “degrees”, 

and “triplet_connected_concept”. 

3.3. Workflow 

Users were asked to follow a four-step workflow, using the special commands /view, 

/summarize, /compare, and then to sketch simplified diagrams of a human translation and 

document their reflections in comparing them to the machine translations. Users were supplied 

the human translation, which they submitted to the custom GPT in the beginning of their 

interaction. The reflection exercise was about translation quality with a target audience being a 

patient, and this provided qualitative data on how to improve the custom GPT and GenAI 

learning objectives for the future. 

4. Preliminary Findings 

In the preliminary test with five experienced translators, users found that they could see the 

knowledge graph structure of the translations and how the source text, machine and human 

translations differ in accuracy and depth: the machine tended to flatten the relationship structure, 

whereas the human retained the relationships and sometimes elaborated upon them. The users 

assessed the translation in a non-linear way because they were reflecting upon the topology of 

the key relationships. 

5. Discussion 

Based on the documented workflow and reflections, the custom GPT was missing functionality 

to draw a truncated knowledge graph with only biomedical concepts. The instructor and users 

had to develop their own prompts to draw the graph because the preprocessed linguistic files 

only aggregated network analysis statistics. In addition, the custom GPT did not have sufficient 

context surrounding biomedical discourse conventions and patient information quality 

standards to improve machine translations. As such, some users noted this in their assessment 

of the machine translation; or they focused on understanding and assessing the reconstruction 

of the source text and translations’ structure. These two gaps could be future GenAI literacy 

learning objectives on how to manage missing functionality. 
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5.1. Responsible AI 

Translation of medical information without consideration of inherent biases can undermine 

inclusive practices and magnify inequity (Francis et al., 2025; Franklin et al., 2024). Therefore, 

empowering students to understand the strengths and weaknesses of translation using GenAI is 

tantamount to generating the best care options for people who directly access health information 

websites—about half of citizens in the European Union (Eurostat, 2022; Francis et al., 2025). 

Overall, this project highlights the importance of demonstrating the limitations of GenAI to 

students in higher education. They must learn that GenAI is a tool humans can use to help 

organize large amounts of text data but cannot be used alone as an end-to-end tool without the 

threat of perpetuating misinformation.  

Especially in multilingual settings, LLMs are known to perpetuate social bias from the training 

data used (Talat et al. 2022; Francis et al., 2025).  While we chose Facebook’s NLLB 

multilingual model that represents many languages for machine translation, we did not address 

the scientific biomedical model bias present in the data source (Francis et al., 2025). 

Incorporating the Social Determinants of Health (SDoHs) is often missing from health 

information resources and is crucial to producing better medical interpretations (Cross et al., 

2024).  

The resource consumption of training LLMs and using GenAI has significant environmental 

and ethical concerns, as impacted marginalized communities are not always the primary 

beneficiary (Bender et al., 2021). Even if GenAI is used to mitigate these concerns, a future 

GenAI literacy learning objective would be to consider costs and emissions in comparison to 

the benefit of machine(-assisted) translation (Gailhofer et al., 2021; Nordgren, 2023). 

5.2. Future Research 

For low-resource languages, it has been shown that a combination of parameter efficient fine-

tuning, and custom prompt engineering in the form of a dictionary has improved benchmark 

scores for multilingual translation (Khoboko et al., 2025). Future applications must account for 

the resource load of the language and domain (e.g. health sciences, climate policies). This 

distinction will allow researchers to focus more on fine-tuning versus prompt engineering. In 

the case of both language and domain, a custom GPT can help identify challenges in 

multilingual out-of-domain machine translation, such as domain mismatch and rare words 

(Pang et al., 2025). This can help users understand the need to build dictionaries to address these 

challenges for custom prompt engineering, including correcting knowledge graphs. 

Customizing prompt engineering is also a natural pathway in higher education as many of us 

have compiled dictionaries and indices in relation to our expertise as disciplines evolve. 
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