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Abstract— This paper provides a comprehensive assessment of GPT-4’s (Generative Pre-trained Transformer – 4) application in medical domain, highlighting its advancements compared to previous models. It delves into the model’s potential, limitations and significant experimental findings - offering a thorough perspective on its rôle in transforming the medical field. Emphasizing the implications of GPT-4’s integration in critical decision-making contexts, the study explores the pivotal rôle of prompt engineering in extracting precise and valuable outputs from extensive language models like GPT-4. By examining prompt design intricacies, the research sheds light on its far-reaching consequences and its direct influence on enhancing GPT-4’s effectiveness, especially its rôle as a medical assistant.
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Introduction
The emergence of deep learning models [1] has instigated a substantial paradigm shift across multiple domains, notably within the medical sector. This study directs its attention towards GPT-4 [2], a preeminent creation of OpenAI [3], with the intent of assessing its pertinence and utilization within the healthcare domain. Notably, Generative Pre-trained Transformer (GPT) [4] models, prominently exemplified by GPT-4, have demonstrated remarkable competence in managing a wide array of linguistic assignments. To harness the complete spectrum of the model’s capabilities, proficient manipulation of prompts emerges as an imperative prerequisite.
AI systems have made significant advancements in various domains, with medical question-answering being a key challenge. Large language models (LLMs) [4][5] have made strides in this field, with MedPaLM [6] notably achieving a passing score on USMLE (United States Medical Licensing Examination®) style questions. However, when compared to clinicians, there was clear room for improvement. The updated model, Med-PaLM 2 [6], addresses these deficiencies through enhancements in the base LLM, domain-specific fine-tuning and advanced prompting methods, including a unique ensemble refinement. This resulted in Med-PaLM 2 achieving 86.5% on the MedQA-USMLE [7] dataset, a 19% improvement from its predecessor and exhibiting top-tier performance on other clinical datasets. Detailed evaluations [6] revealed that for a majority of customer medical questions, Med-PaLM 2’s answers were even favoured over those of the physicians. Additionally, it outperformed the original MedPaLM across various evaluation criteria. Though more research is needed for real-world applications, the progress toward achieving physician-equivalent performance in answering medical questions is evident [6]. 
In this study [8], the researchers utilized the ECB+ (EventCorefBank) dataset, which contains 984 documents centred around various news topics. Their experiments involved comparing different data sources, including manually generated datasets and the established WSC (Winograd Schema Challenge) [9] dataset. They [8] also investigated traditional CR (Consciousness-Raising) models, specifically the Multi-Pass Sieve, e2e-core and a more advanced model, the Streamlining model, to establish baselines for their research. For the implementation of prompt-based learning, they employed two variations of GPT: GPT-2 and GPT-Neo [10]. The results indicated a mixed bag of outcomes. While GPT-style models are widely recognized and adopted in various NLP (Natural Language Processing) applications [11], their efficacy in CR tasks [12] without specific fine-tuning was found lacking. However, it is worth noting that these models showcased stronger performance in recognizing certain mentions, notably pronouns and references to people.
LLMs [4][5], for example, OpenAI’s [3] ChatGPT, and Google’s Pathways Language Model (PaLM), have been likened to “autocomplete on steroids” due to their advanced predictive capabilities. For instance, when tasked with medical questions, Google’s specialized version, Med-PaLM [6], offered detailed responses, much like how Google might suggest causes for “coronary artery disease” based on billions of data points. However, despite this prowess, it was observed that Med-PaLM’s answers sometimes fell short of the insights provided by actual clinicians. In one study, a set of questions known as MultiMedQA was used to evaluate the medical knowledge of LLMs. Med-PaLM and its precursor, Flan-PaLM, demonstrated an ability to answer MCQs (multiple-choice questions) and long-form medical questions. However, while the clinician panel found only 5.7% of clinicians’ answers could lead to potentially harmful outcomes, 5.9% of Med-PaLM’s answers fell into this category.
The rapid advancements in the field are evident in how quickly Med-PaLM 2 outperformed its predecessor. A mere few months after the initial findings were published, Med-PaLM 2 had surpassed Med-PaLM’s performance by over 19% on the USMLE–style questions as reported by researchers. However, challenges remain. For instance, while clinicians’ answers contained incorrect or inappropriate information only 1.4% of the time, Med-PaLM’s did so 18.7% of the time. In real-world applications, such errors can be significant. Moreover, while the clinicians’ answers were found helpful by consumers 91.1% of the time, only 80.3% found Med-PaLM’s answers equally useful. As the technology evolves, researchers are keen to move beyond mere question-answering and explore how these models can collaborate with human expertise in meaningful ways, such as aiding in clinical note taking [13]. 
Prompting Engineering
Researchers [14] used GPT-4 and ChatGPT to enhance small, labelled datasets by producing synthetic data for three distinct classification challenges. Starting with 500 texts, they created 5,000 synthetic entries using two strategies: maintaining the original label distribution and achieving a balanced distribution. When a 110M parameter multilingual model was trained on both genuine and synthetic data, both GPT-4 and ChatGPT exhibited remarkable zero-shot [15] capabilities. While synthetic data was beneficial in boosting performance, particularly in settings with limited resources, human-annotated data surpassed the synthetic variant in two of the tasks, indicating a potential improvement in the design of prompts for synthetic data generation [14].
Prompt-based learning [16] is an emerging trend in NLP [11]. This approach eliminates the often time-consuming and resource-heavy step of fine-tuning models, making it an attractive alternative. Since 2019, the acceptance of this technique has skyrocketed with over 120 research papers being written on various applications such as text classification, factual probing and question-answering. One area where prompt-based learning is being tested is coreference resolution (CR) [17]. CR involves determining when two or more words in a text refer to the same object. Historically, models tackling CR have been categorized as either supervised or unsupervised. While unsupervised models like the Multi-Pass Sieve [18] are less resource-intensive, supervised models, like e2e-coref [19], tend to yield better results. However, the drawback is that they can be quite resource-heavy, especially when considering state-of-the-art models that process long documents. Prompt engineering techniques, like adding “Think step by step” at a prompt’s end, have proven effective in boosting GPT-3’s accuracy on tasks like the MultiArith test, as discovered by researchers from the University of Tokyo and Google. However, its impact diminishes with advanced models like GPT-4. Few-shot learning [20], on the other hand, involves giving the model examples to refine its output. It is vital that these examples are varied and cover the intended scenarios, or the model might produce biased results. The “Chain of Thought” method, similar to “think step by step,” makes the model break down tasks, particularly beneficial for complex problems. Lastly, “Rôle Prompting” positions the model as an expert in a specific field, guiding it to produce specialized content.
Our research meticulously investigated the effectiveness of various prompt engineering techniques on ChatGPT’s capabilities for solving medical problem tasks. We put to test three distinct prompt methods and contrary to our hypotheses, observed that all methods yielded largely consistent performance metrics. This was true for both calculation-focused and more qualitative medical questions. Interestingly, ChatGPT, when compared to GPT-4, emerged as not just a free tool but also a significantly more cost-effective one. Despite GPT-4’s vast computational prowess, its cost can be prohibitive for broad use. In contrast, ChatGPT is not only accessible online at no cost, but when accessed via OpenAI’s API, it is nearly 30 times more cost-effective. This makes ChatGPT a pragmatic choice for real-world applications, especially in sectors as critical as healthcare. The implications of our findings are profound. They suggest that ChatGPT, as it currently stands, is already optimized for medical inquiries, potentially negating the need for intricate prompting strategies. For healthcare professionals, this means a simpler interface with AI models like ChatGPT. They can rely on direct and straightforward prompts to extract necessary information, reducing the learning curve and facilitating more rapid adoption in clinical settings.
However, our research does have its constraints. The study’s framework was based predominantly on USMLE-style questions, which could pose questions about its generalizability to other medical question types. Furthermore, the exclusive focus on ChatGPT leaves room for questions about how other LLMs [4][5] might perform under similar conditions. It is also worth noting that while we categorized questions as ’calculation’ and ’non- calculation,’ this dichotomy might not capture the nuances and complexities of real-world medical problem-solving. In summary, our study offers insights into the realm of prompt engineering and its potential rôle in AI-driven medical solutions. It suggests that for tasks like medical problem-solving, the current version of ChatGPT is well-equipped, even without the application of specialized prompting techniques [21].
In a detailed exploration, researchers [22] investigated the proficiency of LLMs [4][5] — specifically the Med-PaLM 2 model [6] — in evaluating psychiatric states using patient interviews and clinical narratives. The model’s capabilities were tested on a variety of assessments: 145 focused on depression, 115 on PTSD (post-traumatic stress disorder) and 46 encompassing clinical case studies related to prevalent psychiatric disorders. The outcomes were promising, suggesting that Med-PaLM 2 could effectively gauge various psychiatric conditions. Its standout performance was in predicting depression scores, achieving an accuracy that was statistically consistent with human clinical evaluations. A noteworthy aspect of the study was the comparison of Med-PaLM 2’s performance with human raters. When assessing depression, the model’s results were on par with those observed in other research involving human clinical raters. Beyond its diagnostic capabilities, Med-PaLM 2 demonstrated an ability to provide rational explanations for its assessments. This capability is crucial in the medical domain, especially since machine learning (ML) models are often criticized as being opaque or “black boxes.” Offering explanations for decisions not only addresses this critique but also ensures greater trust and transparency in clinical contexts. This research underscores the potential of LLMs to adeptly interpret and respond to psychiatric constructs, even when they have not been explicitly trained for the same [22].
Background
Exploring LLMs in Multi-Party Conversations
In the domain of NLP, the arrival of LLMs [4][5] has ushered in a transformative era, exemplified by models like ChatGPT and the more recent GPT-4, offering remarkable zero-shot [15] and few-shot [20] generalization capabilities. These models owe their prowess to the two-step process of pretraining on extensive text corpora and subsequent fine-tuning to align them with human instructions. They have demonstrated exceptional performance in various language-related tasks, as documented in numerous related works. Multi-Party Conversations (MPCs) [23] represent a natural facet of human communication where multiple participants engage in interactive discourse on various topics. This dynamic introduces unique challenges for dialogue systems, not limited to generating coherent and relevant utterances but also encompassing strategic decision-making on when to intervene and whom to address in the conversation. The complexities of the modelling in MPC are shown in Fig. 1, below.
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Fig. 1. The Context and Component Modelling in Conversational MPC [23].
The current research delves into the potential of LLMs, such as ChatGPT and GPT-4, to manage MPCs by implementing five distinct tasks across three different MPC datasets: (i) Emotion Detection; (ii) Addressee Recognition; (iii) Speaker Identification; (iv) Response Selection and (v) Response Generation. 
The experiments reveal that both GPT-4 and ChatGPT can attain competitive performance compared to supervised methods on the EmoryNLP [24] and MELD (Multimodal EmotionLines Dataset) [25] datasets. However, their performance on the more complex Ubuntu IRC [26] dataset remains sub-optimal. To address this, a strategy known as MPC Structure Incorporation is introduced, weaving the speaker and addressee structure information of MPCs into the LLMs. This addition significantly boosts the performance of ChatGPT and GPT-4 across all three datasets, highlighting the value of this approach for enhancing LLM effectiveness in MPC scenarios. In summary, this research contributes in three significant ways: (1) an exploratory study into ChatGPT and GPT-4’s performance in handling MPCs in a zero-shot [15] context, representing the first study of its kind in this domain; (2) the introduction of the MPC structure incorporation approach, which enhances the models’ performance in managing MPCs; and (3) an exploration of the potential of LLMs in handling MPCs and the elucidation of the problems that need to be tackled in future research, providing a foundation for ongoing investigations to improve LLM effectiveness in MPC contexts. [27].
GPT-4 in Medical Education: Promise and Challenge
Our extensive exploration delves into the transformative realm of harnessing GPT-4, a pioneering AI model by OpenAI, to revolutionize the landscape of medical education through the creation of MCQs. In an era marked by the pressing need to produce a greater number of proficient physicians without diluting the rigour and excellence of their training, AI emerges as a beacon of hope. Our research vividly illustrates GPT-4’s remarkable capabilities, offering a rapid and efficient mechanism for generating an extensive array of MCQs tailored to the medical field. These AI-generated questions largely mirror established standards, underlining their potential to streamline the assessment process. However, amidst these promises lie certain limitations. While AI-aided question generation excels in quantity, ensuring precision is a nuanced endeavour that calls for the discerning eye of specialist physicians. We found that while the majority of AI-generated questions meet stringent examination criteria, they may occasionally exhibit inaccuracies in answer choices, remain unaware of subtleties tied to factors like age and gender and on occasion, exhibit methodological oversights. Our research is a testament to the duality of AI in medical education - a realm of unbounded promise supported by human oversight, which plays a pivotal rôle in refining and elevating AI-generated assessments to ensure both accuracy and quality. Thus, the amalgamation of GPT-4’s efficiency with human expertise promises to pave the way for a more effective and balanced approach to medical training and evaluation, a pioneering journey that heralds the transformation of medical education.
Troubleshooting Infeasible Models with GPT-4 Chatbot
OptiChat [28] is a natural language-based chatbot system designed to assist in understanding and troubleshooting infeasible optimization models. It is powered by GPT-4 and interacts with optimization solvers to identify and address issues in mathematical optimization problems. This system finds applications in various fields, including economics, engineering, transportation, and healthcare. Here is an overview of how OptiChat works.
 Model Analysis
OptiChat starts by providing a natural language description of the optimization model. It outlines the decision variables, parameters, constraints and objectives in a user-friendly way. This helps users, both experts and non-experts, to understand the model. 
Infeasibility Diagnosis
If the optimization model is infeasible (meaning there is no solution that satisfies all constraints), OptiChat can identify the Irreducible Infeasible Subset (IIS), which is the minimal set of constraints causing infeasibility. It explains the IIS and the sources of infeasibility in plain language. 
Troubleshoot Recommendation
After diagnosing infeasibility, OptiChat offers recommendations to make the model feasible. It considers which parameters can be adjusted to achieve feasibility while avoiding major changes that may not be practical. The goal is to provide actionable suggestions for problem resolution. 
Interactive Conversation
OptiChat engages in interactive conversations with users. Users can ask questions, seek further clarifications, or request changes to the model. OptiChat provides responses and adapts its recommendations based on user input. OptiChat uses several prompting techniques to enhance its reliability.
Expert Chain-of-Thought
It provides step-by-step instructions similar to how an optimization expert would approach each task. 
Few-shot Learning
OptiChat is trained on several simple examples of optimization problems with expert answers. 
Key-Retrieve:
This technique retrieves parameter and constraint names directly from the optimization model to improve accuracy.
Sentiment Prompting:
It helps the system understand the user’s sentiment and adapt responses accordingly. The system integrates with optimization solvers like “Gurobi” [29] to compute the IIS and make the model feasible by adding slack variables or modifying parameters. 
OptiChat’s design aims to simplify complex optimization models and make them accessible to users with varying levels of expertise. The system has been evaluated in a study involving both inexperienced and experienced users. The results showed that OptiChat provided clear explanations and accurate troubleshooting recommendations, making it a valuable tool for understanding and resolving optimization model issues. The chatbot’s ability to use natural language and its interaction with optimization solvers make it a promising solution for addressing infeasible optimization models in various real-world applications. Users can receive guidance and insights without the need for deep expertise in mathematical optimization.
Application in Medicine
Disease Diagnosis
Numerous studies [30][31][32] have underscored the potential of GPT-4 in aiding physicians with disease diagnosis. By delving into clinical notes, GPT-4 exhibits the capability to analyse intricate medical data, predict potential illnesses and propose pertinent tests. This innovative approach holds promise for enhancing medical practices. GPT-4’s adeptness in comprehending complex medical language enables it to process vast amounts of clinical information swiftly and efficiently. Through pattern recognition and data correlation, it can identify subtle cues that might elude human observation, thus potentially aiding in early disease detection. Furthermore, the model’s predictive abilities offer valuable insights into potential ailments based on patient history and symptoms. Moreover, GPT-4 goes beyond predictions by suggesting suitable diagnostic tests, thereby streamlining the diagnostic process. This could lead to more accurate and focused investigations, expediting the path to accurate diagnoses.
Nevertheless, it is imperative to recognise that GPT-4’s contributions are supplementary rather than replacements for medical expertise. Its insights can aid physicians in making informed decisions, but final diagnoses should always be based on comprehensive clinical evaluation and professional judgement. In a comprehensive investigation of the capabilities of GPT-4.0 as a healthcare management support tool, the study found that the AI exhibited a commendable 80% accuracy in correctly identifying final diagnoses from clinical data in a sample of ten cases. However, its performance had some notable limitations. In instances where the AI incorrectly diagnosed cases, it occasionally recommended unnecessary diagnostic tests and examinations, accounting for 40% of such cases. Furthermore, when it came to suggesting appropriate treatments, GPT-4.0 faced significant challenges, as it could not provide adequate management strategies in 70% of the cases, leaving two cases with inappropriate guidance and five with incomplete or nonspecific advice. While the research underscores the potential of GPT-4.0 as an academic support tool, it is clear that further development and research are essential, with a focus on larger and more diverse samples, prospective assessments and optimizing healthcare utilization in diagnostic and therapeutic procedures. On the other hand, in the realm of cancer diagnostics, a separate study investigated the use of circRNAs, specifically circLZIC and circCEP350, as potential markers for early diagnosis of lung adenocarcinoma. The research involved RNA sequencing analysis of plasma samples from healthy individuals and from patients with early lung adenocarcinoma, revealing that these circRNAs had significantly higher copy numbers in the plasma of the patients compared to the healthy controls. These elevated copy numbers were closely linked to tumour size and TNM (Tumour, Lymphatic Nodes, Metastasis) stage, implying their relevance in tumour development and progression. Moreover, ROC (Receiver Operating Characteristic) curve analysis demonstrated that circLZIC and circCEP350, either individually or in combination, had diagnostic value for lung adenocarcinoma. Furthermore, bioinformatics analysis indicated that these circRNAs had multiple binding sites with various microRNAs and were enriched in several signalling pathways, underlining their potential as molecular markers for the diagnosis of this challenging cancer type.
Lastly, in a genetic study [33] in Northern Mexico, the prevalence of double heterozygous (DH) variants in hereditary cancer syndromes were explored. DH patients carry two pathogenic variants in different genes, a relatively rare occurrence. Among a group of 872 hereditary cancer patients tested with NGS multigene cancer panel tests, 33.7% had at least one pathogenic variant and 3% were identified as DH, having two pathogenic variants. Surprisingly, DH patients did not exhibit a significant difference in the age of cancer diagnosis or a higher risk of developing multiple neoplasms compared to patients with a single pathogenic variant. Notably, DH cases were predominantly associated with HBOC (Hereditary Breast and Ovarian Cancer) or Lynch Syndrome diagnoses. The study [33] also identified BRCA1/2 and other homologous repair genes in the majority of DH patients, with MU-TYH gene variants being common, including a specific variant known as a founder mutation in Northern Europe, which was found in Mexican patients with no known ancestry of European origin. This study suggests [33] that DH variants may not substantially impact disease risk or severity but can reveal unique genetic profiles in diverse populations.
Drug Discovery
Drawing from an extensive dataset of chemical information, GPT-4 showcases remarkable potential in predicting intricate molecular activities. This capacity holds significant implications for expediting the preliminary phases of drug exploration. By discerning patterns within molecular interaction GPT-4 offers valuable insights to researchers, potentially streamlining the identification of prospective drug compounds. This innovative application of AI exemplifies a symbiotic relationship between technology and pharmaceutical advancement, potentially revolutionizing the drug discovery process. As GPT-4 continues to refine its predictive prowess, it could pave the way for more efficient and targeted drug development strategies, ultimately benefiting global healthcare.
In recent decades, computational chemistry and bioinformatics has experienced significant progress, impacting drug discovery [34]. However, de novo (from the beginning) drug development remains challenging and costly due to the vast chemical space [35].  Traditional computational methods like molecular docking [36], QSAR (Quantitative Structure–Activity Relationships) [37], [22] pharmacophore modelling [38], unsupervised learning [39], deep learning [40] and GANs (Generative Adversarial Networks) [41] have mitigated these challenges but demand innovative approaches [42]. Table 1, below shows the prevalent techniques currently employed in NLP-based drug discovery.
AI Methods in NLP-Based Drug Discovery [42].
	Model
	Description

	Deep neural network (DNN)
	An ANN (artificial neural network) with a large number of hidden neurons and layers. 

	Word2Vec
	A word semantic and context information extractor based on an ANN-based word embedding architecture.

	Convolutional neural network (CNN)
	Employment of convolution utilisation in the layers of the ANN.

	Recurrent neural network (RNN)
	Utilisation of feedback loop from previous time samples in the ANN.

	Long-short-term memory (LSTM)
	An RNN that extracts long distance dependencies using output, forget and update gates.

	Gated recurrent unit
	An RNN that captures long-distance dependencies using an update gate.

	Autoencoder (AE)
	A neural network mapping the input using an encoder working in narrow space with the decoder reconstructing the compressed representation.

	Variational autoencoder (VAE)
	An AE generating outputs based on a specific distribution.

	Generative adversarial network (GAN)
	A generative model with generator and discriminator networks

	Sequence-to-sequence (seq2seq)
	An architecture mapping an input into an output sequence by utilising an encoder and decoder.

	Attention mechanism
	Works by selecting the pertinent input sequence relevant to the output generation.

	Transformer
	Uses ANNs and self-attention in the encoder and decoder architecture.

	Neural machine translation (NMT)
	A translation architecture using seq2seq.

	Reinforcement learning (RL)
	An ML algorithm functioning by performing decisions to maximise the reward.

	Transfer learning
	Model learning on an initial data/task then fine tuning it for generalisation based on different data/task.

	Teacher forcing
	RNN training by giving the actual word to the decoder as the input instead of the output word predicted in the last step.



Fig. 2, below, shows how the use of AI at every step of the drug discovery, testing and trial phases can be utilised to greatly speed up the launch of the new drug [43].
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Fig. 2. The use of AI to enhance drug discovery, trial and launch phases [43].
Recent advances in deep learning have introduced new opportunities in drug discovery. Atomwise Inc. uses AtomNet with deep convolutional neural networks [44]. Insilico Medicine Inc. employs GANs and deep learning for potential drug-active compound generation [45]. Academia also reports success with deep learning models [46][47][48] - yet the enormity of the chemical space, estimated to be 10180 stable compounds [49] requires more effective solutions.
A model similar to GPT [50] was developed and trained on protein-ligand interaction pairs. Autoregressive training enables it to understand and capture potential chemical structures and activity relationships, helping in the creation of novel compounds with potential drug activity.
The DrugGPT stratagem uses an autoregressive generation method, utilising the model’s output as input for prediction, enhancing accuracy in capturing chemical structures and activity relationships while improving the quality of generated compounds. This approach offers superior stability and ease of optimization during training. [51]
Medical Chatbots
	Integrating GPT-4 into chatbots enables effective handling of patients’ inquiries, aiding in initial diagnostics and providing essential mental health assistance. With its advanced language capabilities, GPT-4 enhances the responsiveness and accuracy of chatbots, ensuring accurate responses to medical queries and facilitating preliminary assessments. Moreover, its empathetic engagement can extend to offering valuable mental health support, guiding users through challenges and offering coping strategies. This amalgamation of AI and healthcare exemplifies a technologically empowered approach, fostering improved patient experiences and augmenting healthcare accessibility through versatile and empathetic virtual interactions [52].
Limitations and Challenges
The remarkable advancements showcased by GPT-4 are accompanied by discernible constraints, particularly within the medical domain. The reliance on high-quality data, susceptibility to overfitting, and ethical ramifications of its applications constitute crucial considerations. Despite the strides achieved through prompt engineering in augmenting GPT-4’s capabilities, persistent challenges persist. The art of formulating an optimal prompt often necessitates iterative experimentation and an excess of specificity in prompts could potentially curtail the expansive creative capacities inherent to GPT-4. [53] discusses some of these limitations and ethical concerns and lists them as:
i) Possible copyright law infringement;
ii) Complications in medico-legal matters;
iii) Occasional inaccurate result production;
iv) Generation of harmful and or biased results;
v) Imprecision in source reliability determination
vi) Creation of irrelevant references.
	ChatGPT-5 [54] seeks to address these limitations and more, such as the ability to recognise human intent and provide greater accuracy. ChatGPT-5 is expected to be released in late 2025. [55] further mentions:
vii) confidentiality issues;
viii) utilisation of the recent last two years of data;
ix) plagiarism and 
x) references generated of which the majority could not be found online.
However, the great importance of ChapGPT-4 for medical researchers is not doubted as presented in a summary figure in [55], reproduced as Fig. 3, below.
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Fig. 3. The ubiquitousness of ChatGPT-4 for medical researchers [55].
Conclusion
GPT-4 presents auspicious implications in the field of medicine; however, a comprehensive acknowledgment of its constraints is imperative. While its supremacy over preceding iterations is conspicuous, the complete extent of its efficacy in the healthcare domain necessitates further exploration. Furthermore, the adept practice of prompt engineering emerges as a potent instrument in unleashing the complete capabilities of GPT-4. The utilisation of DrugGPT is expected to produce a quantum leap in bioinformatics, drug development and accelerate drug discovery. Further research, however, is required to validate the activity of the compounds generated by DrugGPT. As the AI scholarly community advances, the meticulous enhancement of this methodology will play a pivotal rôle in attaining optimal results from sophisticated language models.
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