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The release of OpenAl’s ChatGPT 3.5 served as a catalyst for the rapid advancement of Al and Applications Assessed in
large language models (LLMs), showcasing an unprecedented expansion in Al capabilities. Example Prompting Techniques the Literature
Effective prompting techniques are needed to optimize LLM performance. Prompt engineering

is the process of structuring requests and instructions to interact with generative Al models.

Prompting techniques have already been evaluated across many research applications, but not

within a health economics (HE) context.

This study’s objective was to identify the types of prompting techniques (1) available for

research, and (2) used in health economic modeling.

A targeted literature search was conducted using the arXiv database from its origin (1991)
through 14/6/2024.
Search terms were related to Al, prompt engineering and common prompting techniques, and

programming (Table 1). Health Economic Applications

While no prompting techniques have been evaluated in a HE modeling context, two relevant
publications (Reason et al. 2023 and Poirrier & Bergemann 2024) addressed the feasibility of
developing cost-effectiveness models using generative Al.

The search was conducted in three steps: (1) title and abstract screening, (2) full-text review,
and (3) citation review.

Only studies that explicitly examined prompt engineering techniques were included. While outside the scope of the planned targeted review, these studies highlight the potential

applications of generative Al to HE.
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Prompting Techniques
Several prompting techniques & applications were found in the literature (Table 2 and
Figure 2). Over 30 unique prompting techniques have been assessed for the purpose of optimizing the
response quality of LLMs. These methods been evaluated in a variety of applications, including
logical reasoning and code generation.

Summary of Findings

Of the 30+ techniques described in the literature, few-shot, chain-of-thought (CoT), and self-

consistency have been widely shown to enhance response quality compared to zero-shot
prompting across a range of applications. A selection of methods, including SCoT, PoT, and CoC, have demonstrated success in improving

response quality for application to code generation, but required a higher level of

Variations of the CoT approach, including structured CoT (SCoT), program-of-thoughts (PoT), . ©
programming knowledge and/or use of external software compared to more basic methods.

and chain-of-code (CoC), have been studied in programming applications and require a

higher level of programming knowledge and/or the use of external language interpreters. While there is a paucity of studies evaluating and comparing prompting techniques in HE
. . . ) . applications, research has demonstrated that LLMs can be used to generate code for HE
No prompting techniques have specifically been evaluated in a HE modeling context. models
Implications
Future research should evaluate prompting techniques within HE applications, including
Zero-shot The LLM is provided with a natural language prompt and no Chen 2023, Kojima model development.
additional examples. Zero-shot techniques are often combined with 2022, Sahoo 2024, Researchers are encouraged to specify prompting techniques utilized in LLM HE applications
another concept (e.g., chain-of-thought). Schulhoff 2024 8 P yP pting q PP :

One-shot, Few- The LLM is provided with one or more input-output examples prior ~ Brown 2020, Chen
shot to the desired query. 2023, Sahoo 2024,
Schulhoff 2024

; : , , o , - - There is a growing body of literature examining prompting techniques to enhance the
Chain-of-thought The LLM is provided with additional instructions, such as “let’s think Chen 2023, Kojima

capabilities of LLMs. However, this search highlights a gap in HE research specifically

(CoT) step-by-step” (zero shot), or examples of intermediate reasoning 2022, Sahoo 2024, ) ! N X
steps (few shot), to encourage step-by-step reasoning. Schulhoff 2024, Wang focused on prompt engineering. Techniques such as few-shot and chain-of-thought
2023, Wei 2022 prompting are generalizable and require minimal user expertise, making them excellent
Self-consistency ~ The LLM is prompted to generate multiple responses, and the most  Chen 2023, Schulhoff candidates for novel applications.
frequent result is selected as the final response. 2024, Wang|2023 Al's role in evidence generation and HE modeling is expected to grow — there is a clear
Structured chain- The LLM is guided to generate reasoning steps using program Li 2023, Sahoo 2024 need for targeted exploration of how prompting techniques can be optimized to support

of-thought (SCoT) structures (i.e., sequence, branch, loop) for use in code generation.

HEOR applications.

Program-of- The LLM is guided to generate programming code as reasoning Sahoo 2024, Schulhoff
thoughts (PoT) steps, which are then executed by a code interpreter to derive the 2024
final answer.
Chain-of-code The LLM is guided to generate code or pseudocode as reasoning Sahoo 2024
(CoC) steps, and then runs the code using an interpreter or emulator, 1. Brown et al. 2020; 2. Cresswell et al. 2022; 3. Cresswell et al. 2022; 4. Kojima et al. 2023; 5. Li et al. 2023; 6. Michaelson et al. 2024; 7. Wang

etal. 2023; 8. Wei et al. 2022; 9. Yang et al. 2024; 10. Zhou et al. 2023; 11. Sahoo et al. 2024; 12. Schulhoff et al. 2024; 13. Chen et al. 2023;

which can detect errors. 14. Reason et al. 2023; 15. Poirrier & Bergemann 2024. Full citations are available upon request ( )
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