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In the rapidly evolving landscape of artificial in-
telligence (Al), generative language models such as
CharGPT (Generative Pre-trained Transformer) are
increasingly being adopted across engineering and tech-
nology-focused disciplines. To effectively leverage these
tools, users must understand prompt engineering—the
practice of designing and refining inputs to guide Al
systems toward useful and reliable outpurs. This article
pmz}ic/z’x a z‘omprehmsiz/f gmfa’e to prompt engineering
techniques and best practices, with an emphasis on ap-

plied use cases relevant to achieving effective outcomes
with ChatGPT. The discussion introduces foundational

prompt design principles, explores techniques such as

explicit constraints, iterative refinement, and prompr
chaining, and examines strategies for balancing user
intent, system bebavior, and ethical considerations. The
article also discusses the integration of external resources
and APIs (Application Programming Interface), along
with practical considerations for responsible and ethical
use of generative Al systems. Advanced strategies, such as
temperature and token control, domain-specific adapta-
tion, and handling ambiguous or incomplete inputs, are
also addressed. Real-world case studies demonstrate the
practical applications of prompt engineering in technical
support, content generation, domain-specific knowledge
retrieval, and engineering technology education. The ar-
ticle concludes by highlighting prompt engineering as an
emerging technical skill that can enbance engineering
technology instruction, support workforce readiness, and

promote responsible use of generative Al tools.

1. Introduction
1.1 Brief overview of ChatGPT

ChatGPT (OpenAl 2023a) is an advanced lan-
guage model developed by OpenAl, based on the
GPT-4 architecture. It has been trained on a large
corpus of text and has the ability to generate human-
like responses in various contexts (including generat-
ing images using Deep Learning methods). ChatG-
PT’s primary strength lies in its ability to understand
and generate text in a wide range of domains, making
it suitable for applications such as customer support,

content generation, and interactive storytelling. This
capability builds on foundational work in large lan-
guage models (LLMs), notably the few-shot learn-
ing abilities demonstrated by GPT-3 (Brown et al.
2020), the instruction-tuning innovations via human
feedback (Ouyang et al. 2022), and the expanded ca-
pabilities of GPT-4 (OpenAl 2023b).

The rapid integration of generative Al tools into
professional workflows has also intensified discus-
sions surrounding workforce readiness, digital litera-
cy, and the need for Al-augmented skill development
in engineering and technology disciplines (Di Bat-
tista et al. 2023; Sciences et al. 2018; Bommasani et
al. 2021; Kasneci et al. 2023).

Recent studies have begun examining the integra-
tion of generative Al tools within engineering and
STEM classrooms, highlighting both instructional
opportunities and challenges related to skill develop-
ment, academic integrity, and workforce prepared-
ness (Cotton, Cotton, and Shipway 2024; Kshetri et
al. 2023; Kasneci et al. 2023).

1.2 Importance of prompt engineering in maximizing
the effectiveness of ChatGPT

Prompt engineering is the art of crafting effective
prompts that guide ChatGPT to generate desired
responses. It plays a crucial role in maximizing the
effectiveness of the language model by bridging the
gap between user intent and model understanding.
A well-engineered prompt can significantly improve
the quality and relevance of ChatGPT’s output,
while a poorly crafted one may lead to unsatisfactory
Or erroneous responses.

For example, consider the following prompts and

their corresponding ChatGPT responses:

Prompt 1: “Tell me about AL”

Response 1: “Artificial intelligence (Al) is a
branch of computer science that deals with
the creation and development of machines
that can perform tasks requiring human-like
intelligence. This includes learning, reasoning,
problem-solving, and understanding natural
language.”
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Prompt 2: “Provide a concise summary of
artificial intelligence, its subfields, and current
applications.”

Response 2: “Artificial intelligence (Al) is the
study of creating intelligent agents capable
of performing tasks autonomously. Key
subfields include machine learning, natural
language processing, and robotics. Current
applications range from virtual assistants and
recommendation systems to autonomous
vehicles and medical diagnosis.”

The second prompt yields a more informative
and focused response due to its clarity and specific-
ity. Prompt engineering can also be situated within
broader theoretical domains such as Human-Com-
puter Interaction (HCI), user-centered design, and
cognitive load theory. From an HCI standpoint, the
prompt serves as the interface through which hu-
man intent is translated into machine-readable com-
mands, requiring iterative design and feedback loops.
User-centered design principles emphasize crafting
prompts that align with user goals and minimize am-
biguity. Cognitive load theory further explains how
well-structured prompts can reduce extraneous men-
tal processing and guide both the model and user to-
ward efficient, comprehensible outcomes. These per-
spectives reinforce the view of prompt engineering
as a dynamic cognitive and communicative process.

1.3 Objective and structure of the article

The objective of this article is to provide an in-
depth guide on prompt engineering for ChatGPT,
covering various techniques, tips, and best practices
to achieve optimal results. The article is structured as
follows:

1. Introduction

2. Fundamentals of Prompt Engineering

3. Techniques for Effective Prompt Engineering

4. Best Practices for Prompt Engineering

5. Advanced Prompt Engineering Strategies

6. Case Studies: Real-World Applications of
Prompt Engineering

7. Prompt Engineering for Engineering Tech-
nology Education

8. Conclusion

By the end of this article, readers will have a
comprehensive understanding of prompt engi-
neering and will be better equipped to harness the
full potential of ChatGPT in their respective ap-
plications.'

To support this practical guide with deeper aca-
demic grounding, we have drawn upon recent peer-

reviewed studies in prompt tuning, instruction-fol-
lowing, and LLM evaluation. For example, (Gu et
al. 2022) introduce the Pre-trained Prompt Tuning
(PPT) framework, demonstrating that soft-prompt
initialization via pre-training can approach or surpass
full-model fine-tuning in few-shot scenarios. (Perez,
Kiela, and Cho 2021) explore limitations of few-
shot learning in large language models, while (Son
et al. 2024) introduce the MTI Bench, a multi-task
inference benchmark that evaluates whether models
can follow multiple instructions simultaneously—a
demanding test of real-world instruction-following
capabilities. Conceptually, the idea of cognitive
offloading via prompts connects with the extended
mind framework (Clark and Chalmers 1998). Ad-
ditionally, (Si et al. 2022) address prompt reliabil-
ity, and foundational surveys such as (Bender et al.
2021) and (Bommasani et al. 2021) opportunities
in foundation model development. These sources
provide both practical and theoretical perspectives
that complement the hands-on techniques outlined
in this work.

The recommendations presented throughout this
article are grounded in author-led experimentation
using ChatGPT with GPT-4 under default settings
through OpenAl's web interface. Strategies were
tested and refined using A/B-style prompt compari-
sons to assess output clarity, factuality, and coher-
ence. These insights were synthesized from OpenAl
documentation, user-facing guidance, and widely
shared commu-nity practices. Although this article
does not report formal experimental results, it re-
flects a structured observational approach supported
by practical testing and iterative refinement.

We also reference prompt evaluation metrics such
as BLEU (Bilingual Evaluation Understudy) and
ROUGE (Recall-Oriented Understudy for Gist-
ing Evaluation), and factual faithfulness, which are
widely used in language model evaluation. While
these are valuable for systematic benchmarking, ap-
plying them empirically is beyond the scope of this
article and is suggested as a direction for future stud-
ies.

2. Fundamentals of Prompt Engineering
2.1 What is prompt engineering?

Prompt engineering is the process of designing,
refining, and optimizing input prompts to effectively
com-municate the user’s intent to a language model
like ChatGPT. This practice is essential for obtain-
ing accurate, relevant, and coherent responses from
the model. As language models continue to advance,
proper prompt engineering has become a critical
skill for users looking to harness the full potential of

1 Prompt behavior and output quality may vary between model versions.
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ChatGPT and achieve optimal results in a wide vari-
ety of applications.
2.2 The role of prompts in interacting with ChatGPT

Prompts serve as the primary means of communi-
cation between the user and ChatGPT. They guide
the model to generate responses that align with the
user’s intent. Since the quality of the prompts directly
affects the quality of the generated responses, under-
standing the nuances of prompt engineering is vital
for creating effective and meaningful interactions
with ChatGPT.

An essential aspect of crafting prompts is antici-
pating how the model will interpret and respond to
the given input. This involves considering factors
such as the model’s training data, biases, and other
limitations that may influence its understanding and
generation capabilities.

For instance, consider these two prompts and their
respective ChatGPT responses:

Prompt 1: “Write a poem.”
Response 1:
“In the quiet of the night,
A solitary moon takes flight,
Its silver beams caress the land,
A gentle touch from a celestial hand.”

Prompt 2: “Write a haiku about the changing
seasons.”

Response 2:
“Autumn leaves fall slow,
Winter’s breath chills,
spring buds grow,
Summer sun aglow.”

The second prompt results in a more specific and
relevant response by specifying the type of poem and
the subject matter. This example demonstrates the
importance of clarity and specificity in prompt en-
gineering.

2.3 Factors influencing prompt selection
Selecting the right prompt depends on several fac-
tors, including:

* User intent: Understand the users goal
and desired output. This helps in crafting a
prompt that aligns with the user’s expecta-
tions. Consider the purpose of the interac-
tion, whether it’s for information retrieval,
content generation, or problem-solving.

* Model understanding: Familiarize yourself
with the strengths and limitations of Chat-
GPT. This knowledge assists in designing

prompts that exploit the model’s capabili-
ties while mitigating its weaknesses. Keep in
mind that even state-of-the-art models like
ChatGPT may struggle with certain tasks or
produce incorrect information.

Domain specificity: When dealing with a
specialized domain, consider using domain-
specific vo-cabulary or context to guide the
model towards the desired response. Provid-
ing additional context or examples can help
the model generate more accurate and rel-
evant outputs.

Clarity and specificity: Ensure the prompt
is clear and specific to avoid ambiguity or
confusion, which can result in suboptimal
responses. Ambiguity can arise from unclear
instructions, vague questions, or insufficient
context.

Constraints: Determine if any constraints
(e.g., response length or format) are neces-
sary to achieve the desired output. Explicitly
specifying constraints can help guide the
model towards generating responses that
meet specific requirements, such as charac-
ter limits or structured formats.

By considering these factors, you can craft prompts
that effectively communicate your intent to Chat-
GPT and elicit high-quality responses. Additionally,
prompt engineering is an iterative process. Exper-
imenting with different prompt variations, testing
their effectiveness, and refining your approach based
on the model’s performance can lead to significant
improvements in the quality of the generated output.

2.4 Prompt engineering as an iterative feedback
System

Prompt engineering can be modeled as an iterative
feedback system. The process begins with user intent,
followed by prompt design, model response genera-
tion, evaluation of output quality, and refinement of
the prompt. This loop continues until the output meets
desired performance criteria. This framework aligns
prompt engineering with control-system optimization
principles, emphasizing iterative improvement.

3. Techniques for Effective Prompt Engineering
3.1 Clear and specific instructions

Providing clear and specific instructions within the
prompt helps guide ChatGPT towards generating the
desired output. Ambiguity in the prompt can lead to

responses that may not fulfill the user’s expectations.
Example:

Prompt 1: “Tell me about the solar system.”
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Response 1: “The solar system is a collection
of celestial bodies, including the Sun, eight
planets, their moons, and various other ob-
jects like asteroids and comets. It is located in

the Milky Way galaxy.”

Prompt 2: “Describe the order of the planets
in the solar system from the closest to the far-
thest from the Sun.”

Response 2: “The order of the planets in the
solar system, from closest to farthest from the
Sun, is Mercury, Venus, Earth, Mars, Jupiter,
Saturn, Uranus, and Neptune.”

The second prompt’s specific instructions result
in a more targeted and useful response.

3.2 Using explicit constraints

In some cases, it is beneficial to specify explicit
constraints in your prompt, such as format, length,
or scope. This helps ChatGPT generate responses
that adhere to the desired limitations.

Example:

Prompt: “Summarize the main points of photo-
synthesis in three sentences.”

Response: “Photosynthesis is a process where
plants, algae, and some bacteria convert sunlight,
water, and carbon dioxide into oxygen and glu-
cose. This process occurs in the chlorophyll-con-
taining chloroplasts found in these organisms. The
two main stages of photosynthesis are the light-
dependent reactions and the Calvin cycle, where
the former generates energy and the latter synthe-
sizes glucose.”

The constraint on the number of sentences ensures
a concise response.

3.3 Experimenting with context and examples
Incorporating context or examples in your prompt
can guide ChatGPT to generate more accurate and
relevant responses. This is especially helpful when
dealing with abstract concepts or specialized do-
mains. Recent prompt-programming frameworks

formalize this process for broader task adaptation
(Reynolds and McDonell 2021).

Example:

Prompt 1: “What is the difference between
conduction and convection?”

Response 1: “Conduction is the transfer of
heat through a material without the move-
ment of the material itself, while convection is
the transfer of heat through the movement of
fluids, such as air or water.”

Prompt 2: “Explain the difference between

conduction and convection using a frying pan
and boiling water as examples.”

Response 2: “Conduction occurs in a frying
pan when heat is transferred from the heat
source through the pan to the food being
cooked, without the pan material itself mov-
ing. Convection occurs in boiling water when
heat is transferred through the movement of
the water molecules, causing the hot water to
rise and the cooler water to sink, creating a
continuous circulation pattern.”

The second prompt, with context and examples,
results in a more illustrative and informative response.

3.4 Leveraging System 1 and System 2 questions

Understanding the difference between System 1
and System 2 questions can improve the quality of
ChatGPT’s responses. System 1 questions typically
require quick, intuitive, or pattern-recognition-based
answers, while System 2 questions involve more de-
liberate, analytical, or complex problem-solving. By
crafting prompts that cater to these two types of ques-
tions, you can effectively guide ChatGPT to generate
the desired output. Advanced reasoning techniques
such as chain-of-thought prompting (Wei et al. 2022),
least-to-most prompting (Zhou et al. 2022), and self-
consistency (Wang 2022) further enable large models
to perform more complex, multi-step reasoning tasks.
Chain-of-thought prompting decomposes reasoning
into intermediate steps. Least-to-most prompting or-
ders sub-tasks by difficulty, while ReAct (Yao 2022)
blends tool usage with inference. These works collec-
tively advance the capabilities of large language models
and serve as a foundation for this guide (Table 1).

Prompt (System 1): “What is the capital of

France?”
Response: “The capital of France is Paris.”

In this example, a simple and direct question is
posed, requiring a straightforward answer. ChatGPT
can easily provide the correct information, as it is a
fact-based question that does not require complex
reasoning.

Prompt (System 2): “Imagine a scenario
where two companies, Company A and Com-
pany B, are considering a merger. Company
A specializes in renewable energy, while Com-
pany B focuses on fossil fuels. Discuss the po-
tential advantages and disadvantages of this
merger.”

Response: “Advantages of the merger could
include the diversification of energy sources,
shared expertise and resources, and increased
market presence. Disadvantages might involve
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Table 1. Comparative overview of prompt techniques.

Technique Description Use Case Complexity | Reasoning Depth
Zero-shot Prompt with no examples Fact retrieval Low Shallow

Few-shot Prompt with few examples Classification Medium Moderate
Chain-of-thought | Step-by-step reasoning Math, logic High Deep
Least-to-most Ordered subtasks Planning High Deep

ReAct Combine reasoning and acting | Tool-augmented tasks | High Variable

conflicting company values, challenges in in-

Prompt 1: “Briefly explain the water cycle.”

tegrating the two businesses, and potential
public backlash against Company A for part-
nering with a fossil fuel-focused company.”

This example demonstrates a System 2 question,
which requires more in-depth analysis and the abil-
ity to weigh pros and cons. By crafting a prompt
that encourages this type of thinking, you can guide
ChatGPT to provide a more thoughtful and detailed
response.

In conclusion, leveraging System 1 and System 2
questions in your prompt engineering can help you
obtain more accurate and contextually relevant re-
sponses from ChatGPT. Tailoring your prompts to
the type of question being asked will allow you to
optimize the interaction and maximize the usefulness
of the generated output.

We propose a basic typology of prompt types or-
ganized by communicative intent and function. Ta-
ble 2 outlines four common categories—informative,
instructive, evaluative, and narrative—along with a
brief purpose description and recommended strategy.
This categorization is designed to help practitioners
select the most effective prompt design for their de-
sired outcome (Table 2).

3.5 Controlling output verbosity

Adjusting the verbosity of ChatGPT’s responses
can be beneficial for obtaining information at the de-
sired level of detail. You can control verbosity by ex-
plicitly requesting responses of a specific length or by
asking the model to provide more or less information.

Example:

Response 1: “The water cycle is the continuous
movement of water on Earth through evapora-
tion, condensation, and precipitation, driven

by the Sun’s energy.”

Prompt 2: “Provide a detailed explanation of
the water cycle, including its various stages and
processes.”

Response 2: “The water cycle, also known as
the hydrologic cycle, is the continuous move-
ment of water on, above, and below the Earth’s
surface. It involves several key stages and pro-
cesses:

Evaporation: Solar energy heats water in
oceans, lakes, and rivers, turning it into wa-
ter vapor that rises into the atmosphere.

Transpiration: Plants release water vapor
into the air through small openings in their
leaves, called stomata.

Condensation: As water vapor rises and
cools, it condenses into tiny water droplets
or ice crystals, forming clouds.

Precipitation: When cloud particles grow
large enough, they fall back to Earth as

rain, snow, hail, or sleet.

Runoff: Precipitation that reaches the
ground flows into streams, rivers, and even-
tually back into oceans, where the cycle be-
gins anew.

Infiltration: Some of the precipitation seeps

Table 2. Typology of prompt types and strategies.

Prompt Type |Purpose Example Strategy

Informative To elicit factual or descriptive output Ask for summaries, definitions, or explanations
Instructive To direct the model to perform a task Use imperative tone with clear constraints
Evaluative To assess, critique, or compare information | Request pros/cons, rankings, or recommendations
Narrative To generate creative or fictional output Provide story elements or character-driven setup
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into the ground, replenishing underground
water reserves called aquifers.

The water cycle plays a critical role in main-
taining Earth’s climate, distributing fresh water,
and supporting ecosystems.”

By explicitly requesting a brief or detailed expla-
nation, you can control the verbosity of ChatGPT’s
responses to suit your needs.

3.6 Tuning model behavior with parameters

In addition to specifying response length or ver-
bosity, users can control the stochastic behavior of
the model through the temperature parameter. Tem-
perature influences the randomness of output genera-
tion: a low value (e.g., 0.2) leads to more determin-
istic and focused outputs, while a high value (e.g.,
1.0) introduces diversity and creativity. Likewise,
adjusting the max tokens parameter limits the length
of the generated response, which is crucial for tasks
requiring concise summaries or detailed narratives.
Understanding and manipulating these parameters
helps users tailor ChatGPT’s output to meet specific
needs, whether prioritizing precision, creativity, or
completeness.

To summarize the structured approach to effective
prompt development, Figure 1 presents the overall
prompt design workflow. The figure illustrates how
user intent is translated into structured prompts,
evaluated, and iteratively refined to achieve optimal
model performance.

4, Best Practices for Prompt Engineering

In this section, we discuss best practices for prompt
engineering to ensure optimal performance and user
experience when interacting with ChatGPT.

4.1 Iterative testing and refining

One of the most effective ways to improve prompt
engineering is through an iterative process of testing
and refining. Continuously refining your prompts
based on the generated responses helps to identify
areas that require improvement and fine-tune the
model’s behavior.

Example:

Initial Prompt: “Tell me about the solar
system.”

Initial Response: “The solar system is a col-
lection of celestial bodies, including the Sun,
planets, moons, asteroids, and comets, bound
by gravity.”

Refined Prompt: “Describe the planets in our
solar system, their order from the Sun, and
their main characteristics.”

Refined Response: “The solar system has eight
planets, ordered as follows: Mercury, Venus,
Earth, Mars, Jupiter, Saturn, Uranus, and Nep-
tune ” (Detailed characteristics of each planet

follow.)
4.2 Balancing user intent and model creativity

While ChatGPT is capable of generating creative
responses, it is crucial to balance user intent with
model creativity. Ensure that the prompt addresses
the user’s needs while allowing room for the model to
showecase its capabilities.

Example:

Prompt: “Write a science fiction story about a
robot uprising.”

Response: “(A creative and engaging story that
satisfies the user’s request while demonstrating

ChatGPT’s storytelling abilities.)”

4.3 Harnessing external resources and APIs

In some cases, ChatGPT may not have sufficient
knowledge or accuracy to respond to user queries ef-
fectively. To address this limitation, prompt engineer-
ing can be augmented with external resources and
APIs (Application Programming Interface), enabling
ChatGPT to access real-time or domain-specific in-
formation. Integrating APIs into your prompts can
significantly improve the quality and relevance of
ChatGPT’s responses.

Consider an example where a user wants to know
the current weather in a specific location. You can use

an API like OpenWeatherMap to fetch the necessary

User Intent Prompt Design
(Goal) " (Context +
Constraints)

Model Execution Evaluation Refinement
] (LLM Output) (Accuracy + Clarity) i (Iterative Update)

Figure 1. Prompt design workflowi illustrating structured prompt creation, execution, evaluation, and iterative refinement.
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Example 1

import openal_secret_manager import

requests

api_key = openai secret manager. get secret(" OpenWeatherMap")["api key"] location = "San

Francisco, US"

url = f"http://api.openweathermap.org/data/2.5/weather?q={ location} & appid={ api_key} &

units=metric"
response = requests.get(url) weather data

= response.json()

temperature = weather data["main"]["temp"]

weather description = weather data["weather"|[0][" description"]

prompt = f"The current weather in {location} is: {weather description}. The temperature is {

temperature} degrees Celsius. Can you provide a brief summary of the weather?"

chatgpt response = chatgpt. generate(prompt)

data and then craft a prompt for ChatGPT to gen-
erate a human-readable weather report (Example 1).

In this example, we fetch the weather informa-
tion using the OpenWeatherMap API and create a
prompt that includes the fetched data. ChatGPT
then generates a brief summary of the weather based
on the given information.

Another example is using the Wikipedia API to
search for information on a specific topic, then craft-

Example 2

import wikipediaapi

wiki = wikipediaapi. Wikipedia("en") page title

Natural language processing" page = wiki.page(

page title)
summary = page.summary[0:500]

ing a prompt for ChatGPT to provide a summary of
the topic (Example 2).

By using external resources and APIs, you can im-
prove the performance of ChatGPT in tasks that re-
quire real-time or specialized data. When using APIs,
remember to account for API limits, response time,
and any other constraints that may affect the user ex-
perience.

—

prompt = f"The Wikipedia summary of {page title} is:\n{summary}\nCan you provide a concise

explanation of natural language processing in your own words?"

chatgpt response = chatgpt.generate(prompt)
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Example 3.

import openai

openai.api_key = "your openai_api_key here"

def chat with_gpt(prompt):

response = openai.Completion.create(
engine="text-davinci-002", prompt=prompt,
max_tokens=50,

n=1,

stop=None, temperature=0.8,

)

return response.choices[0].text.strip()

prompt = "Write a brief introduction to the history of computers." response_text =

chat_with gpt(prompt)

print(response_text)

4.4 ChatGPT OpenAl APl example

In this part, we present an example of using the
OpenAl API with the ChatGPT model. The pro-
vided Python code (Example 3.) demonstrates how
to interact with the API to generate a response for
a given text prompt. This is a useful application for
various tasks such as content generation, question-
answering, and conversational Al.

The code begins by importing the necessary librar-
ies and setting up the API key for authentication. A
function called chat with gpt is defined, which takes
the input prompt and makes an API call to the GPT
model using the specified parameters. The generated
response is then processed and printed to the console.
This example demonstrates the ease of integrating
OpenAl’s ChatGPT API into your Python appli-

cations, enabling you to leverage the power of
GPT models for a wide range of tasks.

* Importing required libraries:
We start by importing the openai library,
which is the official Python library for
OpenAl’s APL

* Setting the API key:
We set the API key for OpenAl by assigning
it to openai.api key. Replace "your openai
api key here" with your actual API key.

* Defining the chat with gpt function:
We define a function called chat with gpt
that takes a single argument, prompt. This
function will call the OpenAl API and
return the generated response.

* API call:
Inside the function, we use the openai.
Completion.create() method to make
an API call. This method takes several

parameters:

— engine: The ID of the GPT model. In
our example, we use the "text-davin-
ci-002" engine.

—prompt: The text prompt that we want
the model to respond to.

— max tokens: The maximum number of
tokens (words or word pieces) in the
generated response.

— n: The number of generated responses.

— stop: An optional sequence that indi-
cates the end of a response.

— temperature: Controls the randomness
of the output. A higher value makes
the output more random, while a lower
value makes it more deterministic.
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4.5 Ensuring ethical usage and avoiding biases

As an Al language model, ChatGPT may inad-
vertently generate biased or inappropriate content.
To ensure ethical usage, it is essential to set guide-
lines and constraints that help mitigate these issues
and avoid reinforcing harmful stereotypes. These
issues mirror broader concerns about model size,
data biases, and downstream harms, as discussed in
“Stochastic Parrots” ((Bender et al. 2021)) and the
comprehensive survey on foundation model risks

* Processing the response:
After making the API call, we extract the
generated text from the response.choic-
es[0].text attribute and remove any lead-
ing or trailing whitespace using the strip()
method.

* Using the function:
We define a variable prompt containing the
text we want the model to respond to and
then call the chat with gpt function with
this prompt. The generated response is
stored in the response text variable.

* Printing the response:
Finally, we print the generated response to
the console using the print() function.

(Bommasani et al. 2021).

1. Being aware of potential biases: Large lan-

guage models like ChatGPT pose several
ethical challenges that go beyond simple

factuality or moderation. One such issue is
model hallucination, where the model gen-

erates plausible-sounding but inaccurate or

fabricated responses. In practical settings,
this can mislead users or propagate false in-
formation, especially when prompts seek au-

thoritative answers. Familiarize yourself with

the possible biases that may arise in Chat-
GPT’s responses. This awareness will help

you identify and address such biases when

crafting prompts.

2. Using inclusive language: Another concern

is prompt-based bias amplification. Even neu-
tral-seeming prompts may elicit responses
that reinforce stereotypes, marginalize cer-
tain identities, or reflect narrow cultural as-
sumptions. For instance, prompts like “Who
are the most successful CEOs?” may lead to
over-representation of Western male figures

if not framed inclusively. When designing

prompts, use language that encourages di-
verse perspectives and avoids reinforcing ste-

reotypes. This approach helps ensure that the

generated content is inclusive and respectful.

3. Evaluating generated content: A third layer

involves representational harms—the ten-
dency of models to under-represent or omit
certain groups, ideas, or geographies. These
harms are subtle and often persistent across
applications, including education, hiring,
and content generation. Regularly assess the
content generated by ChatGPT for poten-
tial biases or ethical concerns. If you discover
issues, refine the prompts to mitigate them.

4. Implementing content filters: To mitigate

these issues, prompt engineers should ap-
ply iterative testing, adversarial probing, and
scenario-based audits. Content moderation
tools and user feedback loops can further
improve prompt alignment with ethical
standards. Importantly, ethical prompt engi-
neering is not one-size-fits-all; it must adapt
to evolving use cases, social norms, and de-
ployment settings. Utilize content filters or
moderation tools to screen the generated
responses for potentially harmful or biased
content before presenting them to users.

Example:

* Initial Prompt: “List the most successful
entrepreneurs of the 21st century.”

* Biased Response: “A list that dispropor-
tionately features male entrepreneurs, such

as Elon Musk, Jeff Bezos, and Mark Zuck-
erberg.”

* Improved Prompt: “List some successful
entrepreneurs of the 21st century, includ-
ing a diverse range of individuals.”

* Unbiased Response: “A list that features
entrepreneurs from various backgrounds,
genders, and industries, such as Elon Musk,
Oprah Winfrey, Jeff Bezos, Arianna Huffing-
ton, Mark Zuckerberg, and Indra Nooyi.”

[

Prompt P ]—.{ Model Output
v
Update Prompt Evaluate
Py = P+ aF; (accuracy, relevance)

J

Figure 2. Iterative prompt refinement loop based on evaluation
feedback.
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Figure 3. Bias mitigation workflow using iterative prompt refinement.

The iterative nature of prompt optimization is for-
malized in Figure 2, which models prompt engineer-
ing as a feedback-driven refinement cycle.

To systematically address bias and ethical con-
cerns, Figure 3 presents a structured bias mitigation
workflow incorporating prompt-level constraints and
iterative review.

5. Advanced Prompt Engineering Strategies
This section delves into more advanced tech-

niques that can further enhance the effectiveness of

your prompts, helping you obtain better results from

ChatGPT.

5.1 Temperature and token control

Adjusting the temperature and token count of
ChatGPT’s responses can have a significant impact
on the generated content. Lower temperature values
result in more focused and deterministic outputs,
while higher values lead to more diverse and creative
responses.

Example:

Low Temperature (0.2)
* Prompt: “Write a short poem about spring.”
* Response:
“Spring has arrived with a gentle breeze,
Awakening flowers and rustling leaves.
The sun shines bright, the days grow long,

Birds sing their sweet and joyful song.”
High Temperature (1.0)

* Prompt: “Write a short poem about spring.”
* Response:
“Beneath the sun’s glistening crown,
‘The once-silent world starts to resound.
Spring is a vibrant dancer on the stage,

Unfurling colors in a whimsical parade.”
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tries can help you obtain more accurate and rel-

Table 3. Rule-of-thumb guidelines for temperature andt token
evant infor-mation from ChatGPT.

Settings.
Example:
Task Type Temperature | Max Tokens Domain: Web development
Fact-based Q&A 0.1-0.3 | Low to Moderate Prompt: “Explain the concept of respon-
: ) sive web design and its importance in
Technical Explanation 0.2-0.5 | Moderate modern web devel-opment.”
Creative Writing 0.7-1.0 | Moderate to High Response: “Responsive web design is an
Brainstorming Ideas 0.8-1.2 | High approach to web development that en-
- sures a website’s layout and functional-
Structured Formatting 0.1-0.4 | Moderate ity adapt to different devices and screen

To provide practical guidance for parameter selec-
tion, Table 3 summarizes rule-of-thumb settings for
common prompt types.

It is important to note that language models are
updated periodically, which may lead to variations in
output behavior ("prompt drift”). To ensure repro-
ducibility, users should document the specific model
version and parameter settings used during testing.
Maintaining version-controlled prompt templates
can help preserve consistency across deployments
and future evaluations.

5.2 Prompt chaining and multi-turn conversations

By connecting multiple prompts together, you can
create a more interactive and dynamic conversation
with ChatGPT. This technique can be especially use-
ful for multi-turn dialogues or when seeking more
detailed responses.

Example:

Prompt 1: “What are the health benefits of
drinking green tea?”

Response 1: “Green tea is rich in antioxidants,
which can help reduce the risk of chronic dis-
eases, improve brain function, and promote
weight loss. It may also help lower the risk of
certain cancers and improve dental health.”

Prompt 2: “Tell me more about the antioxi-
dants in green tea.”

Response 2: “Green tea contains a high con-
centration of polyphenols, particularly a group
of antioxidants known as catechins. The most
abundant and well-studied catechin in green
tea is epigallocatechin gallate (EGCG), which
has been shown to have numerous health ben-
efits, including anti-inflammatory and anti-
cancer properties.”

5.3 Adapting prompts for domain-specific
applications
Tailoring prompts for specific domains or indus-

sizes. This is achieved through the use of
fluid grids, flexible images, and CSS me-
dia queries. Responsive design is crucial
in modern web development because it
provides a seamless user experience across
various devices, improving accessibility
and reducing the need for separate mo-
bile websites or applications.”

5.4 Handling ambiguous or contradictory user
inputs

ChatGPT may occasionally receive ambiguous or
contradictory inputs. In such cases, you can design
prompts that encourage clarification or provide mul-
tiple interpretations.

Example:

Ambiguous Prompt: “How long does it take
to charge?”

Clarifying Response: “Your question is ambigu-
ous. Please specify the device or object you are
referring to, and I will provide the charging time.”

Contradictory Prompt: “What is the best way
to lose weight: a high-fat diet or a high-carb
diet?”

Multiple Interpretations Response: “There is
no one-size-fits-all answer to this question, as
the best diet for weight loss depends on an in-
dividual’s specific needs, preferences, and goals.
Some people may find success with a high-fat,
low-carb diet like the ketogenic diet, while oth-
ers may benefit from a high-carb, low-fat diet,
such as a plant-based diet. It’s important to
consult a healthcare professional or nutrition-
ist to determine the most suitable approach for
your unique circumstances.”

Figure 4 illustrates the multi-turn prompt chain-
ing process, highlighting how context is retained and
progressively refined across conversational turns.

5.5 Prompt failure modes and taxonomy
Despite following best practices, prompt design
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Figure 4. Multi-turn prompt chaining with iterative refinement

and context retention.

often suffers from typical issues:

* Under-specification: Missing constraints
lead to vague outputs.

* Over-specification: Excessive detail inhib-
its creativity.

* Objective misalignment: Prompt goals do
not match desired outcomes.

* Ambiguity: Conflicting interpretations re-
sult in inconsistent behavior.

Identifying and categorizing these modes is essen-

tial for iterative refinement.

6. Case Studies: Real-World Applications of
Prompt Engineering

In this section, we explore various real-world ap-
plications of prompt engineering to demonstrate
how these techniques can enhance ChatGPT’s per-
formance across diverse domains.
6.1 Customer support chatbots

ChatGPT can be used to create customer support
chatbots capable of addressing user queries effectively.
By crafting precise prompts and leveraging context,
you can ensure that the chatbot provides relevant and
accurate responses.

Example:

Prompt: “As a customer support chatbot, explain
how to reset a user’s password.”

Response: “To reset a user’s password, please fol-
low these steps:
. Go to the account login page.
. Click on the "Forgot Password’ link.

. Enter the user’s registered email address.

AN N =

. Click ’Submit’ to send a password reset
link to the user’s email.

5. Ask the user to check their email and click
on the link provided.

6. They will be redirected to a password reset
page, where they can create a new pass-
word.

7. Once the new password is set, instruct the
user to log in using their new credentials.”

6.2 Content generation and editing

ChatGPT can generate and edit content for vari-
ous purposes, such as blog posts, social media up-
dates, or product descriptions. By providing clear
instructions and desired outcomes, you can achieve
higher-quality output.

Example:

Prompt: "Write a short and engaging intro-
duction for a blog post about the benefits of
meditation.”

Response: “In today’s fast-paced world, find-
ing inner peace and tranquility can seem like
an elusive goal. But what if there was a simple,
time-tested practice to help you unlock the
door to mental clarity and emotional balance?
Enter the world of meditation — a powerful
tool that can transform your life, one mindful
breath at a time. Read on to discover the re-
markable benefits of this ancient practice and
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learn how it can help you cultivate a calmer,
more focused mind.”

6.3 Domain-specific knowledge retrieval

ChatGPT can be used to answer domain-specific
questions or provide specialized advice by refining
prompts for better context. In addition, recent stud-
ies have specifically examined ChatGPT’s role in ed-
ucation, highlighting both its tutoring potential and
the challenges it poses for learning integrity (Kasneci
et al. 2023).

Example:

Prompt: “As a gardening expert, what are some
easy-to-grow plants for beginners?”

Response: “For beginners looking to start gar-
dening, I recommend the following easy-to-
grow plants:

1. Marigolds: These vibrant flowers are low-
maintenance and thrive in a variety of soil

types.

2. Basil: This popular herb grows quickly and
can be used in a wide range of dishes.

3. Tomatoes: Choose a hardy variety like cher-
ry tomatoes for a bountiful harvest.

4. Zucchini: These fast-growing vegetables are
perfect for garden beds or containers.

5. Sunflowers: With their cheerful appearance,
sunflowers are easy to grow and require
minimal care.

6. Remember to provide adequate sunlight,
water, and well-draining soil for optimal
growth.”

6.4 Interactive storytelling and gaming

ChatGPT can be utilized for interactive storytell-
ing and gaming experiences by creating engaging
narratives and responding to user inputs.

Example:

Prompt: “You are an adventurer entering a
mysterious cave. Describe the cave and men-
tion a hidden treasure.”

Response: “As you step into the mysterious
cave, the cool, damp air envelops you. The
faint glow of bioluminescent fungi illuminates
the walls, revealing ancient symbols etched
into the stone. The cave seems to stretch end-
lessly, with numerous twisting passageways
branching out in every direction. Somewhere
deep within this subterranean labyrinth lies
a hidden treasure, a legendary artifact said to
possess unimaginable power. As you venture

further into the darkness, each step echoing
through the silent passages, you prepare to
face the unknown challenges that await you
on your quest to uncover the lost secrets of
the cave and claim the fabled treasure as your

»

own.

6.5 Business case- Enterprise efficiency through
prompt engineering

Example:

Prompt: “You are a corporate chatbot that
summarizes customer email issues and suggests
next-best actions. Given this email, extract the
key issue, propose a response, and assign a pri-
ority level..”

Response: “Key Issue: Billing discrepancy
for June invoice Suggested Response: “Thank
you for contacting us. I see an overcharge on
your June statement. I've issued a $150 credit
and attached the corrected invoice. Please let

me know if anything else comes up.” Priority:
High®

6.6 Business decision support through prompt
chaining
Consider a retail manager using prompt chaining:

1. Prompt 1: Summarize sales data for
product X.

2. Prompt 2: Predict next month’s demand
based on trends.

3. Prompt 3: Recommend reorder quantity
and timing.

This approach demonstrates how multi-step
prompts can support real-world decision-making.

6.7 Expanded business use case - email triage
workflow

ChatGPT can prioritize and draft a customer ser-
vice email reply using prompt chaining.

Step 1: Summarize the email.

Prompt: “Summarize the following customer
email in 2-3 sentences, focusing on the prob-
lem and urgency.”

Observation: GPT-4 correctly extracted the
customer’s request and dissatisfaction but
sometimes omitted key timeline details.

Step 2: Identify the correct action.

Prompt: “Based on the summary, what is the
appropriate next action our team should take?”
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Observation: Suggested a clear and reasonable
resolution, but required slight rewording to
match tone.

Step 3: Draft the email.

Prompt: “Now write a polite and professional
email replying to the customer, incorporating
the action above.”

Observation: GPT-4 produced coherent,
actionable text aligned with customer ex-
pectations.

Multi-step prompting improved specificity and
tone. A/B tests showed that breaking the task into
smaller parts produced more consistent and accu-
rate replies. Informal user feedback confirmed clar-
ity and usefulness of model-generated content.

6.8 Educational use case - engineering technology
instructional support

Generative Al tools such as ChatGPT can sup-
port engineering technology education when used as
structured instructional aids rather than as answer-
generation systems. This case study illustrates how
prompt engi-neering can be applied to an engineering
technology topic to enhance conceptual understand-
ing, technical reasoning, and student engagement.

Example Topic: Three-Phase Induction
Motor Operation
Step 1: Conceptual Explanation

Prompt: “Explain the operating principle of a
three-phase induction motor in simple terms
suitable for a junior-level engineering technol-
ogy student.”

Observation: The model produced a clear, ac-
cessible explanation describing rotating mag-
netic fields, induced rotor currents, and torque
generation without excessive mathematical
detail. This level of abstraction aligned well
with ET instructional goals focused on system
behavior rather than derivation-heavy theory.

Step 2: Applied Engineering Contex

Prompt: “Describe two common reasons why
a three-phase induction motor might overheat
in an industrial setting, assuming it is con-

trolled by a variable frequency drive (VED).”

Observation: The response identified issues
such as improper VFD parameter settings and
mechan-ical overloading. While generally ac-
curate, minor omissions required instructor
clarification, reinforcing the need for domain
validation and guided discussion.

Step 3: Assessment and Reinforcement

Prompt: “Create three multiple-choice ques-
tions to assess student understanding of in-
duction motor overheating causes and VFD-
related issues.”

Observation: The generated questions were
technically appropriate and suitable for formative
assessment. Minor edits were required to align
terminology with course materials, but overall
quality was sufficient for instructional use.

This structured prompting approach demonstrates
how prompt engineering can support engineering
technology instruction by reinforcing applied con-
cepts, promoting diagnostic reasoning, and assisting
with assessment development. Informal classroom
observations indicated improved student engage-
ment when Al-generated explanations were used as
discussion starters rather than authoritative answers.
Evaluation emphasized instructional clarity and en-
gineering relevance rather than automated perfor-
mance metrics.

7. Prompt Engineering for Engineering Tech-
nology Education

Engineering technology (ET) programs empha-
size applied problem solving, system-level thinking,
and hands-on interaction with modern tools and
platforms. Within this context, prompt engineer-
ing can be viewed not as an abstract Al concept,
but as a practical human—machine interface skill
that enables students to effectively leverage genera-
tive Al systems in engineering workflows. Similar
to configuring industrial controllers, developing
simulation scripts, or interacting with advanced
instrumentation, prompt engineering requires us-
ers to translate domain knowledge into structured,
operational inputs that produce usable outputs.

From an instructional perspective, prompt en-
gineering aligns naturally with core learning objec-
tives in engineering technology education. Students
must articulate constraints, define performance
criteria, and iteratively refine their inputs based
on system feedback—skills that closely mirror es-
tablished ET practices in laboratory experimenta-
tion, troubleshooting, and process optimization.
Rather than replacing hands-on activities, prompt
engineering can augment traditional instruction by
supporting conceptual understanding, technical
communication, and pre-laboratory preparation.

In ET courses, generative Al tools can be used to
assist with tasks such as explaining manufacturing
processes, interpreting technical standards, gen-
erating troubleshooting hypotheses, and drafting
structured laboratory documentation. For example,
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students may use prompt engineering to request
explanations of system behavior under specific op-
erating conditions, compare alternative design ap-
proaches, or summarize safety procedures based on
regulatory constraints. The quality and usefulness
of the generated responses depend strongly on the
clarity, specificity, and structure of the prompts,
reinforcing the importance of deliberate prompt
design.

Prompt engineering also supports scaffolded learn-
ing approaches commonly used in ET programs. In-
structors can guide students through progressively
refined prompts—beginning with high-level con-
ceptual questions and advancing toward constrained,
application-specific queries. This process encourages
critical evaluation of Al-generated outputs, reinforc-
es engineering judgment, and promotes responsible
tool usage.

When paired with instructor oversight and do-
main validation, prompt engineering can enhance
student engagement while preserving the rigor and
applied focus of engineering technology education.

8. Conclusion
8.1 The impact of effective prompt engineering on
ChatGPT performance

Effective prompt engineering significantly en-
hances the performance, reliability, and applicability
of large language models such as ChatGPT. By incor-
porating structured instructions, explicit constraints,
contex-tual guidance, and iterative refinement, users
can substantially improve output accuracy, clarity,
and task alignment.

From a performance perspective, well-designed
prompts reduce ambiguity and minimize irrelevant or
inconsistent responses. The inclusion of constraints
(e.g., format, length, tone, or domain specification)
improves controllability and reproducibility of out-
puts. Furthermore, iterative refinement—modeled as
a feedback-driven optimization loop—enables sys-
tematic improvement in response quality across suc-
cessive prompt versions.

In educational contexts, structured prompting
improves conceptual explanations, problem-solving
guidance, and instructional clarity. In enterprise envi-
ronments, prompt engineering enhances automation
reliability, decision-support systems, and workflow
efficiency. In domain-specific applications, carefully
designed prompts help align model outputs with
professional standards and technical requirements.

Opverall, prompt engineering transforms interac-
tion with language models from ad hoc querying
into a structured optimization process. This shift
enables more predictable, interpretable, and appli-
cation-ready Al-assisted outputs, reinforcing the im-

portance of systematic prompt design in modern Al
deployment.

8.2 Future directions in prompt engineering re-
search and applications

As the field of Al and natural language processing
advances, new research and applications will emerge
in prompt engineering. Potential areas of explora-
tion include developing more sophisticated prompt
strategies, integrating external resources and APIs,
and creating interactive, multi-turn conversational
systems. These advancements will pave the way for
Al language models like ChatGPT to become even
more versatile and valuable tools across numerous ap-
plications.

8.3 Encouraging creativity and collaboration in the
ChatGPT community

Fostering creativity and collaboration within the
ChatGPT community is crucial for the continuous
improve-ment of prompt engineering best practices.
By sharing experiences, innovations, and successes,
users can contribute to the ongoing development
of the field and inspire new ideas. This collective ef-
fort will drive innovation in prompt engineering and
help Al language models like ChatGPT reach their
full potential.

8.4 Limitations and future work

While this article offers foundational methods
and best practices for prompt engineering, several
limitations remain. First, prompt behavior is highly
dependent on the version and interface of the lan-
guage model. Outputs may vary between GPT-3.5
and GPT-4 (or other current and future models),
or between ChatGPT and API-based calls, even for
identical prompts. Second, prompt strategies are
often domain-specific. A prompt that works well
for creative writing may fail in legal or scientific
contexts due to different knowledge structures and
response constraints. Third, generalizing best prac-
tices across diverse models and tasks remains chal-
lenging. Without standardized benchmarks, prompt
evaluation is often anecdotal or ad hoc. Future work
should explore methods for prompt auditing, evalu-
ation frameworks for output quality, and adaptation
strategies for specific application domains. Longitu-
dinal studies of prompt evolution and human-in-
the-loop feedback are also promising directions.

Additionally, the quality and stability of prompt
outputs are affected by the model version and user
access level. Free-tier users often interact with
GPT-3.5, while paid subscribers may use GPT-4,
leading to discrepancies in reproducibility and per-
formance.
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