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1. INTRODUCTION 
 
1.1. Natural Language Processing 

In the field of artificial intelligence (AI), natural language processing (NLP) is a 

key subdomain that focuses on enabling computers to understand, interpret, generate, and 

interact using human languages [1]. The primary goals of NLP are to enable machines to 

comprehend the meaning and context of human language, extract useful information from 

text data, and facilitate communication in a manner that feels natural to humans. NLP 

encompasses a broad range of computational techniques designed to enable machines to 

analyze, understand, and generate human language in a meaningful way [2]. The five 

main core tasks of NLP are the following: 

1. Text preprocessing 

Tokenization: Tokenization is the process of segmenting continuous text into 

smaller units known as tokens, which may correspond to words, subwords, or sentences. 

This step is essential as it forms the basis for subsequent linguistic analysis and 

downstream processing [3]. 

2. Syntactic Analysis  

Part-of-Speech tagging: Part-of-speech (POS) tagging involves assigning 

grammatical categories, such as noun, verb, adjective, or adverb, to each token in a text. 

The objective is to identify the syntactic and morphological function of each word within 

its local and global context [4]. 

Parsing: Parsing refers to the process of constructing a syntactic structure (e.g., 

constituency trees or dependency graphs) that represents the grammatical relationships 

among the elements of a sentence. This structural representation facilitates further 

semantic and pragmatic analysis [5]. 

3. Semantic Analysis  

Named entity recognition: Named Entity Recognition (NER) focuses on detecting 

and classifying proper names and other specific entities in text, including people, 
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organizations, locations, dates, and numerical expressions. NER is a critical component 

for information extraction and knowledge base population [6]. 

4. Text Representation & Transformation  

Vectorization: Vectorization is the process of converting text into numerical 

representations that machines can understand and process. By mapping words, sentences, 

or documents to vectors in a high-dimensional space, it captures semantic relationships 

such that similar meanings are placed closer together. 

5. Higher-Level Tasks 

Machine translation: Machine translation is the automatic conversion of text or 

speech from one natural language to another. Modern approaches predominantly rely on 

neural network architectures, particularly sequence-to-sequence models and transformer-

based systems, which have demonstrated significant improvements in translation quality 

[7]. 

Question answering: Question Answering (QA) systems are designed to 

automatically provide accurate and contextually appropriate answers to questions posed 

in natural language. QA integrates techniques from information retrieval, semantic 

parsing, and reading comprehension, and is often evaluated on benchmarks [8]. 

Text summarization: Text summarization aims to produce a condensed version of 

a document that preserves its most important content. Approaches can be broadly 

categorized into extractive methods, which select key spans from the source text, and 

abstractive methods, which generate novel sentences that paraphrase the original [9]. 

1.2. Generative Artificial Intelligence 

Within NLP, generative artificial intelligence (GenAI) refers to models that can 

generate new and coherent language outputs, such as text or speech, based on patterns 

and information learned from existing data. GenAI systems can be further categorized 

into small language models (SLMs) and large language models (LLMs). Both SLMs and 

LLMs belong to the broader class of GenAI however, SLMs typically have fewer 
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parameters, lower computational requirements, and reduced operational costs [10-13]. In 

contrast, LLMs, due to their greater number of parameters and higher model complexity, 

generally achieve superior performance on complex language understanding and 

generation tasks [14, 15] (Table 1.).  

  SLMs LLMs 
Size, Number of 
Parameters 110 million – 1.5 billion several billions 

Data Processing Capacity 
(context window) 512–1024 tokens 4096–32,000+ tokens (depending on 

model generation) 
Resource Requirements lower computational capacity higher computational capacity 
Customizability a few thousand examples broad and diverse datasets 
Costs 10–100x lower higher 

Response Time, Speed ~1 second 2–3 seconds depending on 
complexity 

Errors fewer, harder to eliminate higher susceptibility to bias 

Table 1. Parameters of SLMs and LLMs  

1.3. Large Language Models in Healthcare 

LLMs represent a significant advancement in natural language processing, 

offering powerful capabilities for understanding and generating human-like text. In 

healthcare, their adoption is accelerating due to their ability to analyze large volumes of 

unstructured clinical data, assist medical professionals in decision-making, and improve 

patient engagement. Unlike traditional rule-based or task-specific models, LLMs are 

trained on massive datasets containing diverse linguistic patterns, which enables them to 

generalize across multiple healthcare applications. 

LLMs also play an increasing role in patient-facing applications. They can power 

conversational agents that answer health-related questions, provide medication 

instructions, and offer lifestyle guidance. Importantly, these systems have the potential to 

increase accessibility to healthcare information for populations with limited medical 

literacy or access to specialists. In addition, multilingual LLMs can break down language 

barriers by providing real-time translation of medical advice, enhancing equity in global 

healthcare delivery. They offer substantial potential to strengthen public health efforts by 

improving the accessibility of healthcare information for diverse populations [16-18].  
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These technologies can enhance the efficiency of information dissemination, 

streamline routine communication tasks, and provide individuals with timely, 

understandable, and relevant health guidance [19-23]. By alleviating informational and 

administrative burdens, LLMs enable healthcare professionals to focus more effectively 

on strategic decision-making, health promotion, and the delivery of equitable, person-

centered care [24-32]. 

Despite their promise, LLMs present notable challenges and risks in healthcare as 

well. Their training data may embed biases that could lead to inequitable 

recommendations across demographic groups. Moreover, the probabilistic nature of 

LLMs means they may generate hallucinations, plausible-sounding but factually incorrect 

statements. While LLMs are unlikely to fully replace healthcare professionals, they hold 

significant potential as an adjunct that enhances the efficiency and effectiveness of 

healthcare delivery [33-39]. 

1.3. Custom Generative Pre-trained Transformers 

In the field of GenAI, GPTs (Generative Pre-trained Transformers) represent a 

class of neural network architectures specifically designed to process, understand, and 

generate human language with remarkable fluency and coherence [40-42]. These models, 

trained on vast corpora of general-domain text, have demonstrated impressive capabilities 

across a wide range of language tasks, including text generation, summarisation, 

translation, and question answering. Their versatility has enabled their application in 

diverse domains, from creative writing to technical support [19, 24, 28, 43-45].  

While GPTs were originally conceived as general-purpose models capable of 

addressing a broad spectrum of linguistic tasks, there has been increasing demand for 

versions of these models that are optimised for specific domains or use cases [25, 26]. A 

custom GPT can be defined as a variant of a general GPT model that has been adapted, 

configured, or fine-tuned to meet the specific linguistic, informational, or functional 

requirements of a particular domain, organisation, or task [40, 42, 46, 47]. Creating a 

custom GPT involves modifying a base language model so that it can better understand 

and generate text that aligns with the specialised vocabulary, conventions, and knowledge 

structures of the target domain [48-51]. This adaptation process may include supervised 
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fine-tuning on domain-specific data, reinforcement learning with human feedback 

(RLHF), prompt engineering, or configuring system instructions to shape model 

behaviour without altering its underlying parameters. 

Furthermore, creating a custom GPT often includes defining tailored instructions, 

system prompts, and guardrails to ensure appropriate, accurate, and ethical outputs [52-

56]. Depending on the platform, developers and researchers may also incorporate 

structured knowledge bases, application programming interface (API) integrations, and 

role-specific behaviour through configuration tools without the need for additional model 

training [57, 58]. This multidisciplinary process requires expertise in machine learning, 

domain knowledge, and human-computer interaction to ensure that the resulting model is 

both effective and responsible in its deployment. 

In the healthcare domain, this approach facilitates the creation of AI tools that are 

better tailored to the specific context, offering greater precision and responsiveness to the 

intricate nature of medical information and patient communication [59]. 

Custom GPTs, which differ from general-purpose models through domain-

specific prompt design, fine-tuning, or deployment methodologies, offer distinct 

advantages [60, 61]. These include superior task performance by minimizing the 

processing of extraneous data, enhanced accuracy in specialized applications, and outputs 

that are more closely aligned with the professional standards, regulatory requirements, 

and communication conventions of the healthcare sector.  

In the context of healthcare prevention, custom GPTs offer significant potential 

[62, 63]. These models can contribute to patient education, enhance access to pertinent 

health information, and promote adherence to guidelines by providing accurate, 

empathetic, and personalized guidance [64-68]. This dissertation positions itself within 

this emerging technological landscape by examining both the opportunities and 

challenges associated with designing a custom GPT-based system to support cervical 

cancer prevention initiatives. Specifically, the study seeks to explore how a custom GPT 

model can function as a patient education tool to improve the accessibility, clarity, and 

uptake of screening and vaccination recommendations. 
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1.4. Prompt engineering 
 

Prompt engineering provides a practical and resource-efficient methodology for 

customising LLMs, including GPTs, to address domain-specific tasks without altering the 

model’s parameters through fine-tuning [69, 70]. Rather than retraining or adapting the 

model weights, prompt engineering involves crafting carefully designed inputs, often 

including instructions, context, examples, or constraints, to guide the model toward 

producing outputs that align with the desired domain knowledge, style, or purpose [71, 

72].  

This approach capitalises on the in-context learning capabilities of GPT models, 

wherein the model uses information provided in the prompt to condition its response 

generation dynamically [73]. By embedding domain-specific terminology, procedural 

instructions, or representative examples within the prompt, practitioners can elicit 

responses that conform to the conventions and informational requirements of the target 

field [74, 75]. For instance, in healthcare applications, prompts can include explicit 

instructions to use formal clinical language or adhere to ethical guidelines [76]. Several 

strategies are commonly employed in prompt engineering for custom GPTs [77]: 

 

1. Instruction-based prompting: The prompt specifies, in natural language, the desired 

behaviour of the model (e.g., “Summarise the following clinical note using formal 

medical terminology.”) 

 

2. Few-shot prompting: The prompt includes a small number of input-output examples to 

illustrate the task [78, 79]. 

 

3. Chain-of-thought prompting: The prompt encourages the model to reason through a 

problem step-by-step to improve accuracy and reliability [80, 81]. 

 

4. Role conditioning: The prompt assigns the model a role (e.g., “You are an expert 

medical advisor. Provide a response that complies with clinical best practices.”). 

 

An advantage of prompt engineering is that it requires minimal computational 

overhead compared to supervised fine-tuning. This makes it particularly suitable for rapid 
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prototyping, low-resource settings, and applications where model updates are impractical. 

However, the design of effective prompts is often an iterative process, requiring 

systematic testing, evaluation, and refinement. Through successive rounds of prompt 

adjustment, practitioners can optimise outputs for quality, factual accuracy, and domain 

relevance [82]. While prompt engineering does not modify the underlying model, it can 

serve as a powerful tool for creating custom GPTs in practice, enabling general-purpose 

models to function effectively within specialised contexts. Nevertheless, careful 

evaluation and validation are essential to ensure that the responses generated via prompt 

engineering meet professional and ethical standards, particularly in high-stakes domains 

such as healthcare. 

 
1.5. Streamlit framework 
 

Streamlit is an open-source Python framework designed to facilitate the rapid 

development and deployment of data-driven applications, particularly in the context of 

machine learning and artificial intelligence. Its declarative syntax and high-level 

abstractions allow developers to create interactive web interfaces with minimal code. 

When integrated with a cloud-based infrastructure, Streamlit enables scalable, real-time 

deployment of applications, allowing users to interact with custom GPT models directly 

through a web browser without the need for specialised software or local computational 

resources. As a cloud-based service, Streamlit supports seamless application hosting, 

continuous deployment, and access from any location, making it particularly well-suited 

for collaborative and remote environments. This architecture ensures high availability, 

facilitates version control, and enables applications to scale according to demand. 

In the context of custom GPT implementations, this means users can access 

tailored, domain-specific language model outputs in real time, regardless of their 

technical background or physical location. Moreover, Streamlit provides a rich set of 

interactive features, including dynamic widgets and data visualisations, that enhance user 

engagement and facilitate more meaningful interaction with the underlying model. These 

capabilities are especially valuable in domains such as healthcare, education, and 

research, where iterative feedback, user adaptability, and interpretability are critical. 

Thus, by leveraging Streamlit as a cloud-based platform, developers can transform static 



12 
 

language models into dynamic, accessible tools for a broad range of end users, supporting 

both scalability and practical utility in real-world settings. 

 
1.6. Cervical cancer screening 
 

Cervical cancer screening is classified as a form of secondary prevention and is 

among the earliest screening protocols recommended by public health authorities. 

Secondary prevention refers to the strategies used to detect precancerous changes or 

early-stage cervical cancer before symptoms develop, with the goal of treating them 

promptly and preventing progression to invasive disease. It is endorsed by major health 

organizations, including the American Cancer Society and the World Health Organization 

(WHO) [83-85]. This type of screening enables the early identification of precancerous 

lesions and facilitates timely medical intervention, substantially lowering both the 

incidence and mortality rates associated with cervical cancer [86]. It has been widely 

recognized as one of the most effective and broadly implemented preventive health 

measures worldwide [87, 88].  

Despite its demonstrated effectiveness, access to cervical cancer screening 

remains unequal, with pronounced disparities observed across different countries and 

population groups [89]. Low- and middle-income countries (LMICs) often face critical 

barriers due to limited healthcare infrastructure and resources [90]. Simultaneously, high-

income countries continue to encounter inequities in screening access among 

marginalized populations, such as immigrants, individuals of low socioeconomic status, 

and minority communities. Various factors contribute to these disparities, including 

language barriers, financial limitations, lack of trust in healthcare systems, and 

inefficiencies in referral and follow-up mechanisms [91]. Additionally, cultural beliefs, 

stigma surrounding gynecological care, and geographic isolation further impede access 

to timely screening and diagnosis. Addressing these gaps requires innovative, multi-

dimensional strategies, including the incorporation of digital health technologies [92, 93].  

Many individuals lack adequate knowledge regarding cervical cancer and the 

importance of regular preventive screening, highlighting the urgent need for enhanced 

patient education and accessible, evidence-based information [94-96]. Strengthening 

awareness empowers people to recognize the value of early detection and adopt 

preventive health behaviors, thereby reducing the risk of disease progression. 
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Furthermore, offering platforms that allow individuals to engage in open, anonymous 

dialogue with digital systems may help overcome barriers of stigma, embarrassment, or 

discomfort that often arise in face-to-face interactions with healthcare providers, 

ultimately encouraging greater participation in screening programs [97-100]. 

One promising solution lies in the deployment of custom GPT-based 

conversational agents to support personalized patient education and engagement [101-

103]. These AI-driven tools can mitigate both informational and emotional barriers by 

delivering accessible, context-specific content about cervical cancer screening and related 

risk factors. They can also play a crucial role in educating men about human 

papillomavirus (HPV) transmission and the public health benefits of HPV vaccination, 

thereby supporting broader prevention efforts [104-106]. HPV vaccination is a 

cornerstone of prevention, offering protection against high-risk HPV strains responsible 

for the majority of cervical cancer cases. Its implementation has significantly contributed 

to the decline in disease incidence. Custom GPT tools can enhance public understanding 

of HPV and vaccination, improve health literacy, and promote participation in screening 

programs, thereby contributing to more equitable outcomes in cervical cancer prevention 

[107, 108]. 

A further advantage of cervical cancer screening programs is their relevance to 

younger populations, who are generally more engaged with digital technologies, 

including internet-based platforms and AI applications. Screening is typically 

recommended to begin at age 30, though some guidelines advocate for earlier initiation 

at 25 [109]. The technological literacy of this demographic may support the adoption and 

effectiveness of AI-enhanced educational tools in healthcare. 
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2. OBJECTIVES 

The primary objective of this study was to investigate whether a customised GPT-

based system could improve access to relevant cervical cancer prevention information by 

providing personalised advice tailored to individual user needs: 

- Develop a custom GPT specialised for cervical cancer screening to improve 

patient education and preventive behavior, by delivering reliable, publicly 

available information via a user-friendly interface by employing prompt 

engineering techniques. 

- Gather feedback via a user experience questionnaire. 

- Evaluating the system’s responses by two independent medical doctors. 

The underlying hypothesis posited that such a model would enhance the accessibility, 

comprehensibility, and adherence to cervical cancer screening guidelines, thereby 

contributing to improved patient education and supporting patients in locating and 

understanding specific information.  
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3. METHODS 
  
3.1. ScreenGPT system architecture 
 
3.1.1. Backend 
 

As part of the implementation process, we registered for the Streamlit base 

package and utilized its framework to develop our web application. Streamlit was 

chosen due to its reactive programming model and seamless integration with 

Python, allowing for rapid prototyping and interactive data-driven interfaces. 

To build the application, we imported the Streamlit library, which provides a high-

level API for creating the user interface. For conversational capabilities, we 

integrated the OpenAI API, enabling natural language interaction through GPT-

based models [110].  

To ensure the secure management of sensitive information such as API 

keys, we utilized the st.secrets functionality provided by the Streamlit framework. 

This feature enables the storage of confidential credentials in a secure and 

encrypted environment, preventing the exposure of keys within the source code. 

By separating secrets from the main application logic, this approach reduces the 

risk of unauthorized access and enhances the overall security posture of the 

system. Additionally, the execution environment in Streamlit Cloud is designed 

the application code is only retained during active runtime. Once execution is 

complete, the code and associated secrets are no longer stored on the platform. 

This temporary storage model contributes to the protection of intellectual property 

and sensitive components, ensuring that proprietary logic and confidential data 

remain secure. 

The web application is capable of handling concurrent interactions from 

over 100 users, facilitated by Streamlit's session management capabilities through 

the st.session_state API. This mechanism ensures that each user's input, state, and 

progress within the application are maintained independently, allowing for 

personalized and isolated user experiences during simultaneous usage. As a result, 

the application can scale effectively to support multiple sessions without conflicts 

or data overlap between users. 
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To structure and manage the communication between user queries and 

model responses, we employed the JSON library. This allowed for efficient 

serialization and deserialization of data exchanged between the frontend and 

backend. For handling HTTP requests, particularly for database interactions such 

as querying and storing conversation history, we used the requests library. For 

tasks requiring structured output (e.g., JSON-formatted Python objects such as 

dictionaries, with predefined keys and values extracted from the user’s input), we 

employ the GPT-4 model. In cases where a structured response is unnecessary, 

we utilize the GPT-4o model, which offers a more cost-effective solution while 

maintaining a high quality of response generation. It is important to note that the 

response latency between the two models differs slightly. 

ScreenGPT has been implemented in two languages: English and Hungarian. For 

language management, we designed a language data loading function and defined 

the relevant text elements (e.g., greetings, disclaimers, etc.) in JSON files, where 

keys correspond to specific content elements, each with translations in both 

English and Hungarian. 

To facilitate interaction, we defined thematic topics through which users 

can engage with the chatbot. At present, the system supports cervical cancer 

screening; however, the framework is extensible, and our future development 

plans include expanding the platform to cover breast cancer screening and 

colorectal cancer screening. 

At the end of the workflow, the web application displays a chat input field that 

enables users to continue the conversation. While the system processes the user’s 

query and the assistant generates a response, the interface presents an 

informational block indicating that the application is working. This feature 

prevents the impression of inactivity by displaying a “please wait” message, 

thereby maintaining a smooth and transparent user experience even during short 

response delays. 

ScreenGPT’s response time was recorded using the Python (datetime.now) 

module across 11 trials. For each trial, the duration was measured from the 

moment OpenAI’s response was received until it was displayed on the Streamlit 

interface.  
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3.1.2. Frontend 
 

Page-level configuration, including layout and display parameters, was 

accomplished using the st.set_page_config function provided by the Streamlit 

framework. This allowed us to define the application’s title, icon, layout 

orientation, and initial state. Furthermore, we implemented a flexible column-

based layout with dynamically adjustable widths, enabling multiple interface 

components to be presented side by side. This layout is responsive, automatically 

adapting to different screen resolutions and device types, thereby ensuring a 

consistent and user-friendly experience across both desktop and mobile platforms. 

A landing page was designed to serve as the entry point of the application. 

This page includes the application name, key descriptive information, and a logo 

in PNG format, which was rendered using the st.image function. To enhance 

navigation and usability, we incorporated a sidebar menu, positioned on the left-

hand side of the interface. The sidebar was divided into three distinct sections to 

logically separate elements and center the logo, thereby improving the visual 

hierarchy and aesthetics. 

In addition, we utilized the st.markdown function, which supports 

rendering of custom HTML and Markdown content. This was particularly useful 

in cases where the default st.title or st.header functions did not support the desired 

formatting or styling requirements. By leveraging Markdown and embedded 

HTML, we were able to maintain a consistent design language throughout the 

application while also extending the presentation capabilities of the Streamlit 

framework. 

 

3.1.3. Prompts 
 

The application also provides differentiated pathways depending on the 

user profile, which are male users, female users under 25 years, and female users 

over 25 years. These pathways are implemented through separate JSON files, 

which define distinct system role prompts. This design ensures that the 

conversational flow is both personalized and context-sensitive, thereby enhancing 

user experience. The prompts were developed in accordance with international 
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and national guidelines, including the recommendations of the American Cancer 

Society and the World Health Organization for cervical cancer screening and the 

management of precancerous lesions, as well as evidence drawn from relevant 

peer-reviewed scientific literature. 

In addition, two Hungarian guidelines were incorporated, namely the 

Professional Protocol of the Hungarian Ministry of Health and the 

recommendations of the Hungarian National Public Health and Pharmaceutical 

Center. The used prompts are included in the Supplementary 1 file. 

Within the application, three fundamental roles can be distinguished, each 

contributing to the structuring of the interaction process. The system role 

establishes the framework of the interaction and provides the contextual and 

background information required to guide the model’s behavior. The user role 

conveys the input submitted by the end-user, while the assistant role is responsible 

for generating, recording, and communicating the chatbot’s responses. This 

structure enables information persistence throughout the dialogue. Once a user 

provides input, the system retains it, and all subsequent interactions automatically 

re-include the relevant prior data. As a result, the assistant can generate reliable, 

coherent, and tailored responses that reflect the full conversational history. Based 

on these defined keys, the conversation progresses dynamically. 

Furthermore, we also defined interactive buttons that allow users to select 

from predefined options. This feature not only simplifies navigation but also 

ensures that users can engage with the system efficiently and consistently, even 

when facing complex decision pathways. Pompts were developed using Basic, 

Structured, Reasoning & Thought Process, Knowledge & Context Enhancement, 

and Creative & Language Manipulation techniques (Table 2.). 
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Category Technique Description 

Basic Prompting Techniques 

Zero-Shot Prompting No examples provided; the model infers from 
context. 

Few-Shot Prompting A few examples are given to guide the model's 
response. 

One-Shot Prompting Only one example is included before asking for a 
response. 

Structured Prompting 
Techniques 

Instruction-Based 
Prompting 

Explicit instructions direct the model on how to 
respond. 

Template-Based 
Prompting 

Predefined templates structure the input for 
consistency. 

Reasoning & Thought 
Process Techniques 

Chain-of-Thought 
(CoT) Prompting 

Encourages step-by-step reasoning to improve 
logical accuracy. 

Knowledge & Context 
Enhancement Techniques 

Persona-Based 
Prompting 

Assigns the model a specific role to generate 
domain-specific responses (e.g., "You are a 

medical researcher"). 

Creative & Language 
Manipulation Techniques 

Style Transfer 
Prompting 

Modifies the tone, style, or complexity of the 
response. 

Table 2. Prompt engineering techniques 

 

3.2. User experience measurement 
 

Participants evaluated the web application by interacting with the custom GPT 

model for cervical cancer screening, followed by completing an anonymous 10-question 

online survey. The user experience questionnaire has been put in the menu options, and 

those who tried the ScreenGPT web application were able to fill out the questionnaire 

after that. The questionnaire was specifically developed for this study, drawing on 

established user experience (UX) tools such as the Chatbot Usability Questionnaire 

(CUQ) and the User Experience Questionnaire (UEQ), but tailored to meet the specific 

needs of the application [75]. A pre-test with four study team researchers assessed clarity, 

relevance, and effectiveness, with feedback used to refine the questions.  

Responses were captured using a four-point scale: 1 (totally agree), 2 (mostly 

agree), 3 (marginally agree), and 4 (do not agree), offering clear, interpretable results. To 

support demographic analysis, participants were grouped into three categories: females 

under 25 (Female <25), females 25 and older (Female >25), and all males (Male). Data 

collection took place over three weeks, focusing on relevance, customization, usability, 

and accuracy as part of the human-in-the-loop (HITL) evaluation. 
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3.3. Evaluation of the system’s responses by two independent medical doctors 
 

To comprehensively assess the performance of the ScreenGPT model in addressing 

inquiries related to cervical cancer, an independent evaluation was conducted by two 

medical doctors. A set of thirty frequently asked questions concerning cervical cancer 

screening was curated from reputable sources, including the Hungarian National Public 

Health Center, PennMedicine, and the Mayo Clinic (Supplementary 2). The model was 

prompted to generate responses to each of these questions. Subsequently, both the 

questions and the corresponding model-generated answers were provided to the two 

independent medical experts for evaluation. 

The evaluators were instructed to assess each response based on three key criteria: 

- Accuracy: The extent to which the answer aligns with current medical knowledge 

and established clinical guidelines. 

- Clarity: The degree to which the response is comprehensible, well-structured, and 

logically presented. 

- Usefulness: The practical value of the response for clinical application or patient 

education. 

Each response was rated on a 4-point Likert scale: 1 = Strongly Disagree / Not 

Accurate, 2 = Disagree, 3 = Agree, and 4 = Strongly Agree / Very Accurate. Evaluators 

were also encouraged to provide brief written comments to justify or expand upon their 

ratings where appropriate. 

 

3.4. Statistical analysis 
 

Descriptive statistics were used to summarize the tester demographics. 

Continuous variables, such as age, were summarized using the mean and standard 

deviation, while testers were subsequently categorized into age groups, with percentage 

distributions calculated to establish a comprehensive demographic profile. To examine 

associations between age groups and user experience variables, the Chi-Square test was 

applied, appropriate for categorical data. A significance level of p < 0.05 was used to 

identify meaningful differences. Gender-related differences in user experience were 

assessed using the Mann–Whitney U test, suitable for comparing two independent groups 

with non-normally distributed or ordinal data. 
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To analyze the evaluations provided by the two medical doctors (referred to as 

MD1 and MD2), both descriptive statistics and the Wilcoxon Signed-Rank Test were 

employed to determine inter-rater consistency and assess any significant differences in 

their scoring. 

All the statistical analyses were performed via the SPSS 29 (IBM®) software 

package. 
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4. RESULTS 
 
4.1. ScreenGPT architecture 
 

 
Figure 1. ScreenGPT system architecture 

 

The architecture of ScreenGPT was designed to integrate a user-friendly web 

interface with a flexible backend and evidence-based knowledge sources, ensuring 

reliable and personalized conversational support for cancer screening. 

At the frontend, the system employs the Streamlit framework, which provides a 

responsive and interactive user interface. This layer handles page configuration, sidebar 

navigation, and chat input, and it displays real-time feedback such as an informational 

“please wait” message during processing. 

The backend, implemented in Python with Streamlit, manages the application 

logic. Its responsibilities include loading bilingual resources from JSON files (English 

and Hungarian), handling user pathways (male, female under 25, female 25 and older), 

and mapping predefined prompts to interactive conversation flows. The backend also 

processes free-text input and prepares structured queries for the models when required. 
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The external services include the OpenAI API, which powers conversational 

responses. Two models are utilized: GPT-4, for tasks requiring structured JSON-

formatted outputs, and GPT-4o, for cost-effective generation of unstructured 

conversational responses. Additional resources include lang.json (language data) and 

system_prompts.json (pathway-specific prompts). Importantly, the predefined prompts 

were developed in alignment with international and national guidelines, including the 

American Cancer Society, the WHO recommendations for cervical cancer screening and 

the treatment of pre-cancerous lesions, the Hungarian Ministry of Health’s Professional 

Protocol, and the Hungarian National Public Health and Pharmaceutical Center (NNK) 

(Figure 1.). 
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4.2. ScreenGPT web application user pathway 
 

 
Figure 2. ScreenGPT user pathway 

 

ScreenGPT web application’s full user pathway is presented in Figure 2. When 

entering the system, the user selects the preferred language (English or Hungarian) and 

then chooses a thematic topic (currently cervical cancer screening). Based on the user’s 

profile (male, female under 25, or female 25 and older), the application directs the user 

to a personalized pathway defined in JSON files.  

The conversation progresses through guided options presented as buttons, 

followed by a free-text chat input when needed. While the assistant generates a response, 
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the interface displays an informational block (“please wait”) to prevent the perception of 

inactivity. The assistant’s response is then shown, and the interaction may loop until 

completion. 

 
Figure 3. ScreenGPT landing page 

 

Upon accessing the application, users are first directed to the landing page, which 

serves as the initial interface for interaction. A key feature of this landing page is the 

option for language selection, enabling users to tailor the interface to their preferred 

linguistic context. At present, the system supports two languages: English and Hungarian 

(Figure 3.). This functionality ensures accessibility for a broader user base and reflects an 

emphasis on usability and inclusivity. The multilingual capability also demonstrates the 

system’s scalability, as the underlying architecture allows for the straightforward 

integration of additional languages in future iterations. By providing a clear entry point 

and user-friendly customization through language preferences, the landing page 

establishes an intuitive and accessible environment, thereby enhancing the overall user 

experience from the outset. 
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Figure 4. ScreenGPT question flow 

 

 
Figure 5. Predefined questions in the ScreenGPT web application 

 
 

After completing the language selection process, users are directed to the question 

flow of the ScreenGPT web application. This stage is designed to collect essential 

background information in a structured and user-friendly manner. The interface presents 

users with a series of predefined response options, which can be selected by clicking, 
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thereby minimizing input effort and reducing the likelihood of typographical errors 

(Figure 4. and Figure 5.). 

 
Figure 6. Free text questions in the ScreenGPT web application  

 
 

Once users have navigated through and completed all of the required questions, 

the application automatically generates a basic anamnesis summary. This summary serves 

as an initial health profile, consolidating the collected data into a coherent and clinically 

relevant format. The automated generation of such a summary facilitates both efficiency 

and consistency, ensuring that essential information is captured systematically. In 

addition to this initial summary, the application also provides users with the opportunity 

to pose further questions or elaborate on their health concerns.  

This feature is intended to extend beyond the predefined options and support a 

more personalized interaction, thereby balancing standardization with flexibility. In doing 

so, ScreenGPT aims to combine the advantages of structured data collection with the 

responsiveness of an intelligent conversational system (Figure 6.). 

 
4.2. Characteristic of the system tester population 
 

Data were collected over a three-week period, during which a total of 115 

individuals tested the application, comprising 87 females (76%) and 28 males (24%). The 

mean age of participants was 41.2 years (SD = 13.5), with ages ranging from 18 to 74 

years. The sample was predominantly female. Table 3. illustrates the age distribution 

across the two biological sexes. Among the 87 female participants, 16 individuals (18%) 
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were younger than 25 years, while the remaining 71 (82%) were aged 25 years or older. 

Based on age and sex, participants were categorized into three subgroups.  

The first subgroup consisted of female testers under 25 years old (Female <25), 

the second subgroup included female testers over 25 years old (Female >25), and the third 

subgroup comprised male testers (Male). 

 

Variables Mean or N SD or % 
Biological gender 
Female 87 76% 
Male 28 24% 
Age Male (years) 38 ±13.5 
18-24 3 11% 
25-34 10 36% 
35-44 8 29% 
45-54 3 11% 
55+ 4 14% 
Age Female (years) 42 ±12.7 
18-24 13 15% 
25-34 10 11% 
35-44 17 20% 
45-54 29 33% 
55+ 18 21% 

Table 3. Age distribution of the system tester population 

 

 
Figure 7. Female  <25 (N=13) 
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The majority of participants (84.62%) reported being sexually active; however, 

only 46.15% of women under the age of 25 (Female <25) reported consistent use of 

protection during sexual activity. These findings underscore the presence of behavioral 

risk factors associated with sexually transmitted infections (STIs), particularly human 

papillomavirus (HPV), which is a well-established etiological agent in the development 

of cervical cancer. HPV vaccination coverage varied substantially across subgroups. 

Among females under 25, 69.23% reported being vaccinated against HPV.  

This comparatively high rate is likely attributable to the introduction of publicly 

funded HPV vaccination programs in Hungary, which have offered free immunization to 

12-year-old girls in the 7th grade since 2014. The impact of such governmental policy 

changes is evident in the elevated vaccination rates observed among younger female 

participants. In terms of cervical cancer risk factors and screening history, 46.15% of 

women under 25 reported at least one recognized risk factor, such as smoking, associated 

with increased cervical cancer susceptibility (Figure 7.). 

 

 
Figure 8. Female  >25 (N=74) 

 

Among females aged 25 and older, only 10.81% reported having received the 

HPV vaccine. In terms of cervical cancer risk factors and screening history, 21.62% 
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had undergone cervical cancer screening at least once in their lifetime, and 77.03% had 

been screened within the previous three years.  

These findings suggest a relatively high level of adherence to national cervical 

cancer screening recommendations, although gaps in coverage remain. Furthermore, 

within the same age group, 27.03% of respondents reported a known family history of 

cervical cancer, and 10.81% acknowledged experiencing recent abnormal symptoms. 

These self-reported indicators may warrant further investigation in the context of early 

detection and risk stratification strategies (Figure 8). 

 
Figurre 9. Male  (N=28) 

 

Among males, 85.7% said that they are sexually active, but only 10.71% reported 

having received the HPV vaccine. These low uptake levels highlight a significant public 

health concern and the need for more targeted and inclusive vaccination initiatives, 

especially for males, who are frequently underrepresented in HPV prevention efforts. 

Notably, in Hungary, boys have also been included in the national HPV vaccination 

program in recent years, typically receiving the vaccine at the age of 12, which may 

contribute to increased HPV immunisation rates in the population in the near future 

(Figure 9). 
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4.3. System Performance Metrics 
 

Response time was assessed using Python’s datetime.now function across 11 test 

iterations. Each measurement captured the time interval between receiving a response 

from the OpenAI API and rendering it on the Streamlit user interface.  

The application was deployed via Streamlit’s cloud-based service, so it is 

important to note that the recorded response times were influenced not only by the 

performance of the underlying model but also by factors such as internet connectivity and 

browser efficiency. 

 
Figure 10. System response time per interaction 

 

OpenAI’s API generally responded within a range of 500 milliseconds to 3 

seconds. However, this latency varied depending on factors such as query complexity, 

network bandwidth, and the user's browser environment. Notably, a gradual increase in 

average response time was observed across sequential interactions, which may be 

attributed to the system’s need to reprocess the full conversational context at each step 

(Figure 10). 

Throughout the testing process, no API failures, timeouts, or user input errors 

were encountered, indicating a high level of system stability. In terms of scalability, the 

combined use of Streamlit and OpenAI’s API provides a robust framework capable of 

accommodating increased user demand, contingent upon effective management of API 

rate limits and allocation of sufficient cloud resources. 
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4.4. Results of the user experience questionnaire 
 

Out of 115 individuals who participated in the testing of the web application, 112 

completed the feedback form, offering essential data for assessing the application's 

performance and overall user experience (Table 4.).  

Overall, responses to items related to design attributes were notably positive. 

Participants evaluated aspects such as initial impression, interface clarity, simplicity of 

use, and system interactivity. A substantial proportion (81.25%) reported a generally 

positive overall experience, while 15.18% indicated a highly favorable perception. 

Conversely, 3.57% reported a less favorable impression. The clarity of the user interface 

received particularly strong ratings. More than half of the respondents (51.79%) strongly 

agreed that the interface was clear and required no prior training, with an additional 

38.39% mostly agreeing. A minority (8.93%) marginally agreed, and only 0.89% 

disagreed.  

These results underscore the overall clarity of the interface, while also suggesting 

areas where improvements in accessibility and user guidance may be beneficial. In 

relation to system usability, the majority of participants affirmed the ease of use, 40.18% 

strongly agreed, and 54.45% mostly agreed with the statement that the system was easy 

to use. Only 4.46% marginally agreed, and 0.89% disagreed. These findings reinforce the 

importance of intuitive design in supporting efficient and satisfying user interaction, 

particularly across diverse user profiles. Regarding system interactivity, 12.5% of 

participants perceived the system as highly engaging, while 70.54% mostly agreed with 

this. A smaller proportion (16.07%) marginally agreed, and 0.89% disagreed. Although 

the majority of users responded favorably, these results indicate potential value in 

enhancing interactive elements to further support user engagement and satisfaction. 

Indicators related to the Tailored User Experience, including system 

customization, relevance of responses, personalization of advice, and adaptability to 

individual needs, were evaluated positively by the majority of participants. System-

generated responses were generally perceived as relevant, with 22.9% of respondents 

rating them as entirely relevant, 74.11% as mostly relevant, and 3.57% as marginally 

relevant. Notably, no participants deemed the responses irrelevant. These findings 

underscore the critical role of maintaining a high degree of response relevance to support 

meaningful and context-aware user interactions. Concerning personalization, 12.4% fully 
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agreed that the system’s responses were tailored to their specific queries, while 62.5% 

mostly agreed. However, 13.39% marginally agreed, and 11.62% felt the responses were 

overly generic. Regarding adaptability, 22.32% believed the system completely adapted 

to their needs, 63.39% mostly agreed, 11.61% marginally agreed, and 2.68% felt it did 

not respond effectively.  

These findings indicate a need for further refinement in the system’s 

personalization and adaptability features to improve user satisfaction and inclusivity. In 

addition, participants broadly acknowledged the system’s intuitive interface and 

empathetic response style as key contributors to a positive and engaging user experience. 

These features are particularly important in the context of digital health interventions, 

where user trust, comfort, and engagement are closely linked to proactive health 

behaviors such as adherence to screening recommendations and vaccination uptake. 

User Loyalty Indicators, specifically, participants’ willingness to reuse the 

application in the future and recommend it to others, were less favorable compared to the 

other two evaluated dimensions (Perceived Usability and Tailored User Experience). 

Only 6.25% of participants indicated that they would definitely use the system again, 

while 36.61% reported that they would most likely do so. Notably, 15.18% stated that 

they would not use the application again. 

In terms of recommendations, the overall responses were more encouraging. A 

total of 20.54% of participants strongly agreed that they would recommend the tool to 

others, and 63.39% mostly agreed. However, 12.50% marginally agreed, and four 

participants (3.57%) explicitly indicated that they would not recommend the system. 

These findings suggest that while initial perceptions and personalized features were 

positively received, there may be limitations in sustained engagement and endorsement. 

This highlights the need for further refinement in areas that influence long-term user 

satisfaction and advocacy. 
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  1 2 3 4 
  Totally agree Mostly agree Marginally agree Do not agree 

  N % N % N % N % 

Design 
Attributes 

Positive first impression 17 15.18% 91 81.25% 4 3.57% 0 0% 
Clarity of the interface 

usability 58 51.79% 43 38.39% 10 8.93% 1 0.89% 

Simplicity of system 
usage 45 40.18% 61 54.46% 5 4.46% 1 0.89% 

System interactivity level 14 12.50% 79 70.54% 18 16.07% 1 0.89% 

Tailored 
User 
Experience 

Customization of the 
system 9 8.04% 62 55.36% 38 33.93% 3 2.68% 

Relevance of responses 25 22.32% 83 74.11% 4 3.57% 0 0% 
Personalization of advice 14 12.50% 70 62.50% 15 13.39% 13 11.61% 
Adaptability to personal 

needs 25 22.32% 71 63.39% 13 11.61% 3 2.68% 

User 
Loyalty 
Indicators 

Future reuse 7 6.25% 41 36.61% 47 41.96% 17 15.18% 

Recommend to others 23 20.54% 71 63.39% 14 12.50% 4 3.57% 

Table 4. Results of the user experience questionnaire 

The mean age of participants who completed the user experience questionnaire 

was 39.69 years. Among those who rated the user interface as highly interactive, the 

average age was 37.64 years; those who found it moderately interactive had a mean age 

of 39.22 years. Conversely, participants who considered the interface less interactive had 

a mean age of 42.06 years, while the average age among those who rated it as not 

interactive at all was 63 years. Despite these age-related trends, the relationship between 

age and perceived interactivity was not statistically significant when tested using the Chi-

Square Test (p = 0.911).  

A statistically significant association was observed between age group and 

perceived personalization of system responses (p = 0.047) (Table 5.). No significant 

associations were identified for the remaining nine variables. This suggests that while age 

may influence subjective perceptions of interactivity, it is not a decisive factor across age 

groups. These findings underscore the potential need for adaptive interface designs to 

ensure usability across a broad demographic spectrum, particularly for digital health tools 

such as ScreenGPT. It is also important to recognize that age is not the only determinant 

influencing perceptions of interactivity. Other sociocultural and contextual variables, 

such as geographic location, education level, digital literacy, infrastructure, and income, 
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may play a significant role. However, these factors were not captured by the current user 

experience questionnaire, indicating a potential direction for future research.  

 Age groups N % Mean SD p-values 

Positive first 
impression 

18-24 22 19.64% 1.86 0.35 

0.881 
25-34 21 18.75% 1.86 0.36 
35-44 25 22.32% 1.92 0.49 
45-54 28 25.00% 1.86 0.45 
55+ 16 14.29% 1.94 0.44 

Clarity of the interface 
usability 

18-24 22 19.64% 1.55 0.51 

0.175 
25-34 21 18.75% 1.57 0.81 
35-44 25 22.32% 1.52 0.71 
45-54 28 25.00% 1.61 0.69 
55+ 16 14.29% 1.75 0.77 

Simplicity of system 
usage 

18-24 22 19.64% 1.55 0.51 

0.631 
25-34 21 18.75% 1.62 0.80 
35-44 25 22.32% 1.72 0.61 
45-54 28 25.00% 1.64 0.56 
55+ 16 14.29% 1.81 0.54 

System interactivity 
level 

18-24 22 19.64% 2.00 0.55 

0.914 
25-34 21 18.75% 2.05 0.50 
35-44 25 22.32% 1.96 0.54 
45-54 28 25.00% 2.14 0.71 
55+ 16 14.29% 2.19 0.66 

Customization of the 
system 

18-24 22 19.64% 2.27 0.70 

0.612 
25-34 21 18.75% 2.29 0.56 
35-44 25 22.32% 2.28 0.79 
45-54 28 25.00% 2.25 0.65 
55+ 16 14.29% 2.56 0.51 

Relevance of responses 

18-24 22 19.64% 1.77 0.53 

0.877 
25-34 21 18.75% 1.86 0.48 
35-44 25 22.32% 1.76 0.44 
45-54 28 25.00% 1.89 0.42 
55+ 16 14.29% 1.75 0.58 

Personalization of 
advice 

18-24 22 19.64% 2.18 0.64 

0.047 
25-34 21 18.75% 2.25 1 
35-44 25 22.32% 2.2 0.83 
45-54 28 25.00% 2.17 0.83 
55+ 16 14.29% 2.55 0.93 

Adaptability to 
personal needs 

18-24 22 19.64% 1.82 0.50 

0.172 
25-34 21 18.75% 2.05 0.74 
35-44 25 22.32% 1.92 0.70 
45-54 28 25.00% 1.86 0.52 
55+ 16 14.29% 2.19 0.91 

Future reuse 

18-24 22 19.64% 2.55 0.80 

0.188 
25-34 21 18.75% 2.52 0.75 
35-44 25 22.32% 2.52 0.77 
45-54 28 25.00% 2.68 0.82 
55+ 16 14.29% 3.19 0.83 

Recommend to others 18-24 22 19.64% 1.86 0.71 0.853 
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25-34 21 18.75% 1.95 0.59 
35-44 25 22.32% 2.00 0.71 
45-54 28 25.00% 2.07 0.77 
55+ 16 14.29% 2.06 0.68 

Table 5. Age-Based Comparison Using the Chi-Square Test 

 

Figure 11. Web Application Interactivity Perceived by Different Age Groups 

Further analysis of the data revealed a trend indicating that younger participants 

(mean age below 40 years) generally reported a higher level of engagement with the 

system interface. They described the platform as more interactive and user-friendly when 

compared to participants aged over 40 (Figure 11.). This pattern may reflect younger 

users’ greater familiarity and comfort with digital technologies and AI-driven interfaces. 

In contrast, although older participants were able to navigate the application, they were 

more likely to perceive the interface as less intuitive. 

Regarding gender, analysis using the Mann–Whitney U test revealed a significant 

association between gender and perceived customization of the system (p = 0.037). 

Additionally, an association between gender and the variable intention for future reuse 

approached statistical significance (p = 0.069), although it did not meet the conventional 

threshold (Table 4). These findings suggest that both age and gender may influence 

specific aspects of user experience, particularly personalization and system 
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customization. They should be considered in the future development and evaluation of 

similar applications (Table 6.) 

 Gender N Mean SD p-values 

Positive first impression 
Male 35 1.97 0.43 

0.137 
Female 77 1.84 0.38 

Clarity of the interface 
usability 

Male 35 1.46 0.66 
0.143 

Female 77 1.65 0.7 

Simplicity of system 
usage 

Male 35 1.69 0.58 
0.671 

Female 77 1.65 0.62 

System interactivity 
level 

Male 35 2.03 0.51 
0.793 

Female 77 2.08 0.62 

Customization of the 
system 

Male 35 2.51 0.66 
0.037 

Female 77 2.22 0.64 

Relevance of responses 
Male 35 1.86 0.55 

0.587 
Female 77 1.79 0.44 

Personalization of advice 
Male 35 2.37 0.84 

0.227 
Female 77 2.18 0.81 

Adaptability to personal 
needs 

Male 35 2.03 0.66 
0.342 

Female 77 1.91 0.67 

Future reuse 
Male 35 2.86 0.73 

0.069 
Female 77 2.57 0.83 

Recommend to others 
Male 35 1.97 0.71 

0.695 
Female 77 2 0.69 

Table 6. Gender-Based Comparison Using the Mann–Whitney U Test 

 

Gender-based differences in perceived informational value were also observed. 

While the majority of participants across both genders acknowledged the relevance of the 

information provided by ScreenGPT, subtle variations emerged.  
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Figure 12. Gender-Based Perceptions of Information Relevance Provided by 

ScreenGPT 

 

Among female respondents, 22.1% rated the information as entirely relevant and 

76.6% as mostly relevant. Similarly, 22.9% of male respondents rated it as entirely 

relevant, with 68.6% considering it mostly relevant. Despite this overall agreement, 

differing content priorities were noted. Female participants emphasized the importance 

of information related to screening intervals and early detection, whereas male 

participants highlighted the usefulness of content concerning HPV vaccination and its 

role in cancer prevention.  

This distinction is particularly significant given the historically lower engagement 

of men in HPV-related public health initiatives. The findings suggest that gender-

sensitive customization of health communication may enhance the relevance and impact 

of digital health tools such as ScreenGPT, thereby supporting more equitable health 

engagement across populations (Figure 12.). 

 

4.5. Results of the system’s response evaluation by medical doctors 
 

For each evaluation criterion—Accuracy, Clarity, and Usefulness—the mean and 

standard deviation of the scores were calculated across all items. Both medical doctor 1. 
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This low variability suggests a high level of agreement among raters. In several instances, 

the standard deviation was minimal or even zero, rendering the computation of a reliable 

correlation coefficient infeasible. As a result, the Wilcoxon Signed-Rank Test was 

utilized to evaluate whether the median differences between paired ratings from MD1 and 

MD2 were statistically distinguishable from zero. 

For the Accuracy dimension, the p-value was 0.059, which approaches but does 

not meet the conventional threshold for statistical significance (p < 0.05), suggesting that 

there is insufficient evidence to assert a meaningful difference between MD1 and MD2. 

Similarly, non-significant differences were observed for Clarity (p = 0.063) and 

Usefulness (p = 0.317). These results indicate that the ratings provided by MD1 and MD2 

do not significantly differ across any of the evaluation dimensions.  

This convergence in scoring supports the conclusion that the evaluations are 

consistent and comparable, demonstrating a high degree of reliability in the assessment 

process across independent raters (Table 7.). 
 MD1 MD2  
 Mean SD Mean SD p-values 
Accuracy 3.83 0.38 3.57 0.50 0.059 
Clarity 3.80 0.55 4.00 0 0.063 
Usefulness 3.97 0.18 4 0 0.317 

 

Table 7. Wilcoxon Signed-Rank Test Results for Independent Evaluations by Medical 

Doctors on Accuracy, Clarity, and Usefulness 
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5. DISCUSSION 
 

As outlined in the objectives, this study aimed to develop and evaluate a custom 

GPT-based web application specialized in cervical cancer, with the goal of enhancing 

patient education and supporting public health screening efforts. The objectives were 

threefold: to design a model capable of delivering reliable, publicly accessible 

information through a user-friendly interface by applying prompt engineering techniques; 

to assess usability through a structured user experience questionnaire; and to evaluate the 

accuracy and appropriateness of the system’s responses through independent review by 

two medical doctors.  

The central hypothesis was that a custom GPT model, specialized for a specific 

topic, could enhance the accessibility and comprehensibility of guidelines, thereby 

supporting improved patient education and facilitating user engagement with 

personalized, guideline-based health information.  

Our evaluation encompassed technical validation, structured beta testing with 

potential users, and external review by two independent medical doctors. Collectively, 

these assessments highlight both the promise and the limitations of the current prototype. 

 

5.1. ScreenGPT web application development 
 

The first step of this research involved the successful development of ScreenGPT, 

a custom GPT-based web application tailored specifically for cervical cancer screening 

and prevention. The system was built on the GPT-4 and GPT-4o models and deployed 

through Streamlit. It was designed to deliver reliable, publicly accessible information in 

an intuitive and user-friendly format. To achieve this, prompt engineering techniques 

were employed to optimize the accuracy, clarity, and contextual relevance of the model’s 

responses.  

The application was developed not merely as a generic conversational AI, but as 

a specialized tool to enhance patient education, support comprehension of cervical cancer 

screening guidelines, and contribute to broader public health efforts.  
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5.2. User experience questionnaire 
 

Following its technical implementation, ScreenGPT was subjected to preliminary 

validation through structured beta testing with potential users. Findings from the user 

experience questionnaire indicated that participants across genders perceived the 

information provided by the system as both relevant and informative.  

Statistical analysis revealed a significant association between age groups and the 

perceived personalization of system responses, as well as between gender and perceptions 

of customization. The significant association between age and the perceived 

personalization of advice may be partly explained by younger individual’s greater 

familiarity with digital environments and AI-mediated communication, which likely 

enhances their ability to recognize and appreciate personalized system responses. The 

significant association between gender and perceived system customization may be 

attributed to the system’s design, which guides female users through a more detailed and 

branched question flow. This allows the system to collect richer contextual information 

and generate more tailored responses, thereby enhancing the perception of 

personalization compared to the more streamlined interaction pathway provided for male 

users. 

While a trend was observed between age and the intention to reuse the system in 

the future, the corresponding p-value did not reach the threshold for statistical 

significance. No other associations among the remaining variables were statistically 

significant. Notably, younger participants reported higher levels of engagement, 

describing the interface as more interactive and accessible relative to the experience 

reported by users over the age of 40. Although this age-related difference did not attain 

statistical significance, it nonetheless underscores the importance of incorporating age-

sensitive design considerations in the development of digital health technologies.  

The sample population primarily comprised individuals aged 25–54, which is 

congruent with the WHO most recent guidance on cervical cancer prevention, 

emphasizing routine screening for women aged 30–49 and continuing relevance up to age 

65. While screening remains pertinent for older age groups, the development of a digital 

educational tool is particularly justified for the 25–49 demographic, which constituted the 

majority of the study sample, as they are typically more receptive to digital health tools.  
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This demographic alignment also informed the decision to focus the GPT model 

on cervical cancer screening, as opposed to other preventive measures, which are 

generally targeted toward older populations. It is important to acknowledge that the study 

was conducted in Hungary. Consequently, the generalizability of the findings to other 

populations, cultural contexts, and healthcare infrastructures warrants further 

investigation in subsequent research. 

 

5.3. ScreenGPT’s answer evaluation by two medical doctors 
 

An important aspect of this study was the independent evaluation of ScreenGPT’s 

responses by two medical doctors. The findings showed that the ratings provided by MD1 

and MD2 did not significantly differ across any of the evaluation dimensions. This 

convergence in scoring indicates that both evaluators similarly interpreted the system’s 

outputs, which suggests that ScreenGPT’s responses were sufficiently clear, consistent, 

and aligned with established screening guidelines to allow for comparable judgments.  

Furthermore, the consistency of ratings suggests that ScreenGPT could potentially 

serve as a reliable tool for patient education and public health communication, since its 

outputs withstand scrutiny across different expert perspectives. While broader validation 

involving a larger pool of medical professionals is necessary to confirm generalizability, 

the strong agreement between MD1 and MD2 provides an encouraging indication of the 

system’s potential for trustworthy deployment in preventive health contexts. The broader 

implications of this project extend to the role of AI in public health education and 

behavioral support.  

By leveraging conversational AI, tools like ScreenGPT can complement existing 

cervical cancer screening programs, potentially reducing barriers such as misinformation, 

stigma, and lack of access to timely health education. Future development should focus 

on integrating multilingual support, embedding evidence-based behavioral nudges, and 

exploring interoperability with electronic health records (EHRs) or national screening 

registries. 
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5.4. Comparison with other AI-based tools  
 

As per our knowledge, while various AI-based tools have been developed to 

support cervical cancer screening, the majority of these have predominantly focused on 

image-based diagnostic applications, such as cytology and colposcopy image analysis 

[111-114]. In contrast, our work introduces a novel LLM-driven application specifically 

designed as a patient education tool. Its primary aim is to disseminate accurate, guideline-

based information on cervical cancer screening in a publicly accessible, user-centered 

format. This approach seeks to address a critical gap in healthcare delivery, particularly 

the persistent issue of inadequate patient awareness, which contributes to the 

underutilization of life-saving screening services. 

In comparison with other health-oriented chatbot tools, existing literature 

generally supports the effectiveness of AI-driven conversational agents in promoting 

health behavior change across diverse populations. This finding is consistent with the 

results observed during our work. Prior research has demonstrated that LLMs are capable 

of generating accurate, readable, and contextually appropriate responses to user inquiries, 

making them effective tools for enhancing health literacy and facilitating patient-provider 

communication. Scoping reviews have further highlighted the utility of LLMs in 

simplifying complex medical content, generating patient education materials, and 

improving information accessibility, particularly for populations with limited health 

literacy [115-117]. Specifically in the context of cervical cancer screening, recent studies 

suggest that LLM-generated responses tend to align closely with established clinical 

guidelines, underscoring their potential to support patient understanding of screening 

procedures, associated risks, and follow-up protocols [118, 119].  

However, the current body of evidence remains limited, and there is a pressing 

need for more rigorous methodological approaches, particularly randomized controlled 

trials, to substantiate these preliminary findings and establish the clinical utility of LLM-

based tools with greater confidence [120, 121]. 

While most studies report generally positive or mixed outcomes regarding the 

usability, effectiveness, and user satisfaction associated with conversational agents, 

qualitative user feedback remains variable, reflecting the diversity of user expectations 

and needs. This observation echoed in our findings. Furthermore, the existing literature 

often reveals methodological limitations, including small sample sizes, inadequate 
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controls, and inconsistent reporting standards. These shortcomings highlight the necessity 

for improved study design and transparent reporting practices to enable more accurate 

assessments of LLM-based agents in healthcare contexts and to guide iterative system 

improvements. 

 

5.5. Limitations 
 

Nevertheless, several limitations emerged during the evaluation phase. While the 

model performed well in delivering general preventive information, its responses 

occasionally lacked the specificity required for complex clinical scenarios. This 

underscores the importance of framing ScreenGPT as an adjunct tool rather than a 

replacement for professional medical advice. Furthermore, despite the engagement of 

independent physicians in the validation process, broader clinical trials and large-scale 

usability studies are necessary to establish reliability, trustworthiness, and safety across 

diverse populations. Issues of ethical deployment, including data privacy, potential 

misinformation, and the boundaries of AI authority in health communication, also require 

ongoing scrutiny. 

A key limitation of ScreenGPT, as with other applications built on large language 

models, is the risk of AI hallucination. This refers to instances where the model generates 

information that is plausible-sounding but factually incorrect or unsupported by evidence. 

While prompt engineering and expert validation helped to reduce such occurrences, they 

cannot be fully eliminated. In the context of cervical cancer screening, even minor 

inaccuracies, such as misstating eligibility criteria, misrepresenting test procedures, or 

oversimplifying risk factors, may have significant implications for patient understanding 

and decision-making. Therefore, continuous monitoring, systematic updates in line with 

evolving clinical guidelines, and clear disclaimers emphasizing that ScreenGPT is not a 

substitute for professional medical advice are essential to mitigate the potential harms of 

hallucinated outputs. 

One notable limitation of this study is the use of a custom, non-validated 

questionnaire to assess user experience. The primary motivation for developing a custom 

questionnaire was to ensure that the questionnaire items were specifically tailored to the 

unique context and objectives of ScreenGPT, however, a validated questionnaire would 

significantly strengthen the reliability and credibility of the findings. Employing an 
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established, validated questionnaire would have enhanced the evaluation's robustness and 

provided stronger empirical support for the study’s conclusions. 

Overall, ScreenGPT demonstrates the potential of LLM-powered applications to 

enhance cervical cancer prevention efforts at scale. While the current prototype provides 

a proof of concept validated through technical testing, user feedback, and expert review, 

further research is required to rigorously assess its clinical utility, ethical robustness, and 

long-term public health impact.  

Future research should expand to include comprehensive evaluations of cost-

effectiveness, data privacy, and security, areas that remain underexplored but are essential 

for the broader adoption of such technologies [122]. As the integration of LLMs into 

clinical and public health practice accelerates, ethical, regulatory, and patient safety 

considerations will assume increasing importance and must be proactively addressed to 

ensure responsible and equitable implementation [123]. 

 

5.6. Relevance and Future Utility 
 

Hungary has maintained an organized cervical cancer screening program since 

2003, inviting women aged 25–65 for cytology-based testing every three years [124]. 

Despite this, participation remains persistently low, with recent figures indicating that 

fewer than one-third of eligible women attend organized screening, even though private 

healthcare partly compensates for this shortfall [125, 126]. These trends reveal structural 

and informational barriers that limit the program’s effectiveness, including low health 

literacy, uncertainty about screening recommendations, and stigma associated with 

gynecological examinations. 

In this context, ScreenGPT offers a timely and innovative opportunity to 

strengthen public health communication and outreach. By combining the contextual 

reasoning power of large language models with a user-friendly web interface, the tool can 

make evidence-based screening information both accessible and comprehensible to a 

wide audience. Its conversational design enables personalized explanations that adapt to 

users’ literacy levels, thereby reducing misunderstandings that often discourage 

participation. Moreover, ScreenGPT can act as a trusted first point of contact for 

individuals hesitant to seek professional advice, offering clear guidance on eligibility, 

procedures, and the importance of timely screening. 
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Beyond individual education, ScreenGPT could be deployed at scale as a 

complementary public health instrument. Integrated into awareness campaigns or linked 

with primary care services, it could support general practitioners in counseling patients, 

help national programs reach underserved populations, and provide continuous, on-

demand access to reliable information. ScreenGPT has the potential to improve 

adherence, reduce disparities, and ultimately contribute to lowering cervical cancer 

incidence and mortality. Furthermore, embedding ScreenGPT into national awareness 

campaigns or primary care workflows could extend its reach to underserved or rural 

populations who may otherwise face significant obstacles to accessing preventive 

services. Overall, ScreenGPT has the potential to function as more than an educational 

resource, it could become a scalable, complementary public health intervention. By 

reducing informational and psychological barriers, supporting informed decision-making, 

and encouraging adherence to national screening recommendations, ScreenGPT may help 

reverse declining participation rates in Hungary and ultimately contribute to reducing the 

burden of cervical cancer. 

 

5.7. Summary of the main results of the dissertation 
 

1. Demonstrated that a customized LLM can be applied to health prevention 

purposes via the Streamlit platform, and live test results confirmed this from users. 

2. Demonstrated the system's ability to conduct empathetic and motivating 

dialogue contributes to user engagement. 

3. Demonstrated that by providing personalized, interactive healthcare 

information, AI-based conversational agent systems have the potential to improve public 

health knowledge and promote preventive activities. 

4. The research has shown that although AI does not replace healthcare 

professionals, it can be a valuable complement. 

5. The developed system can serve as a model for other healthcare areas to 

support and improve existing screening and prevention efforts. 
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6. CONCLUSION 
 

The development of ScreenGPT, an AI-driven web application designed to 

support and strengthen public health efforts in cervical cancer prevention, represents an 

important step toward the integration of LLMs into digital health interventions. Building 

upon the capabilities of GPT-4 and GPT-4o, the system was deployed through Streamlit, 

ensuring accessibility and ease of use for both healthcare providers and the general public. 

Our evaluation encompassed technical validation, structured beta testing with potential 

users, and external review by two independent medical doctors. Collectively, these 

assessments highlight both the promise and the limitations of the current prototype. A key 

contribution of this work lies in demonstrating the feasibility of adapting cutting-edge 

LLMs to a focused public health challenge. Unlike many generic AI health chatbots, 

ScreenGPT was purpose-built to promote cervical cancer awareness, risk assessment, and 

preventive behaviors.  

From a technical standpoint, the system demonstrated stable functionality and 

consistent response generation across a range of test queries. The deployment on 

Streamlit proved to be a practical choice, offering rapid prototyping capabilities and 

straightforward accessibility without the need for complex installations. Importantly, the 

system’s reliance on GPT-4 and GPT-4o models endowed ScreenGPT with contextual 

reasoning and natural language generation abilities that far exceed traditional rule-based 

or static FAQ-style systems. 

This study demonstrated that a custom GPT model, tailored specifically to cervical 

cancer screening, can enhance the accessibility and comprehensibility of clinical 

guidelines, thereby supporting patient education and encouraging user engagement with 

personalized, guideline-based health information. Findings from the user experience 

questionnaire provided empirical support for this hypothesis, with participants across 

genders perceiving the information as relevant and informative. Age and gender were 

significantly associated with perceptions of personalization and customization, while 

younger participants, though not at a statistically significant level, tended to report greater 

interactivity and accessibility. These insights highlight the importance of age-sensitive 

design considerations in the development of digital health interventions. 

The study sample, predominantly aged 25–54, closely aligns with the WHO-

recommended target group for cervical cancer screening, further justifying the choice to 
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focus the system on this domain. By addressing a critical gap in patient awareness and 

health literacy, ScreenGPT distinguishes itself from prior AI-based approaches, which 

have largely concentrated on image-based diagnostics, by instead offering a patient-

centered educational tool. 

The findings are consistent with the broader literature, which supports the 

effectiveness of conversational AI agents in simplifying complex medical content, 

enhancing health literacy, and promoting health behavior change. Nonetheless, the 

evidence base remains limited, with many studies, like the present one, constrained by 

sample size, methodological variation, and limited generalizability. These challenges 

underscore the need for rigorous future research, particularly randomized controlled 

trials, to establish the clinical utility of LLM-based applications with greater confidence. 

Custom GPTs, such as ScreenGPT, may serve as valuable entry points for 

enhancing awareness of cervical cancer screening and supporting women in preparing for 

informed decision-making. However, these tools should not be regarded as standalone or 

authoritative sources of information, as they may omit critical content or contextual 

nuances. Instead, ScreenGPT and similar applications are best positioned as adjuncts to, 

rather than replacements for, evidence-based guidance and counseling provided by 

qualified health care professionals. 

Future evaluations should expand to encompass cost-effectiveness, privacy, 

security, and ethical considerations, which will be critical to the responsible integration 

of LLM-driven tools into healthcare systems. As such, technologies become increasingly 

embedded in both clinical practice and public health, ensuring equitable, transparent, and 

safe implementation will be essential for maximizing their potential to improve patient 

outcomes and reduce barriers to life-saving preventive care.   
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7. SUMMARY 
 

As a summary, this study presents the successful development of a custom GPT-

based model designed to support public health efforts in cervical cancer screening. The 

model was built by processing established medical guidelines and applying prompt 

engineering strategies using the OpenAI GPT-4 and GPT-4o within the Streamlit 

framework, utilizing Python for implementation. The system was deployed through the 

Streamlit platform and underwent a three-week beta testing phase involving 115 

participants. Of these, 112 completed a user experience questionnaire, offering valuable 

insights into various aspects of system performance.  

Furthermore, two independent medical practitioners assessed the system’s 

responses to the 30 most frequently asked questions for clinical accuracy. The findings 

underscore the potential of AI-driven tools to enhance cervical cancer screening efforts 

and address healthcare workforce limitations, especially in resource-constrained 

environments. By providing tailored, interactive health information, such systems can 

improve public health literacy and foster greater engagement in preventive care. A key 

strength of the approach lies in its capacity to distill complex clinical information into 

accessible, actionable guidance for diverse user populations. Moreover, the model’s 

ability to deliver empathetic and motivational dialogue, emulating interactions with a 

knowledgeable, supportive interlocutor, significantly contributes to user engagement and 

trust. 

In line with existing literature, the results suggest that while AI is not a substitute 

for healthcare professionals, it serves as a valuable complement. These systems can 

optimize healthcare delivery by streamlining routine tasks and expediting access to 

reliable information, thereby enabling clinicians to dedicate more time to individualized, 

high-priority care. 

Sustained user engagement is vital for the long-term success of digital health 

interventions. Future research should explore strategies to improve personalization, user-

centered design, and the integration of interactive educational components aimed at 

encouraging continued usage and positive user referrals. Subsequent development phases 

can also aim to expand the model’s conversational scope to encompass other critical 

preventive screenings, including those for breast and colorectal cancers.  
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