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Abstract: Knowledge creation in education is a critical practice for advancing collective knowledge
and fostering innovation within a student community. Students play vital roles in identifying
gaps and collaborative work to improve community ideas from discourse, but idea quality can be
suboptimal, affected by a lack of resources or diversity of ideas. The use of generative Artificial
Intelligence and large language models (LLMs) in education has allowed work on idea-centric
discussions to advance in ways that were previously unfeasible. However, the use of LLMs requires
specific skill sets in prompt engineering, relevant to the in-context technique known as Chain-of-
Thought (CoT) for generating and supporting improvable ideas in student discourse. A total of
721 discourse turns consisting of 272 relevant question—answer pairs and 149 threads of student
discourse data were collected from 31 students during a two-day student Knowledge Building Design
Studio (sKBDS). Student responses were augmented using the CoT approach and the LLM-generated
responses were compared with students’ original responses. Findings are illustrated using two
threads to show that CoT-augmented inputs for the LLMs can generate responses that support
improvable ideas in the context of knowledge creation. This study presents work from authentic
student discourse and has implications for research and classroom practice.

Keywords: prompt engineering; knowledge creation; knowledge building; chain-of-thought; large
language models

1. Introduction

The use of conventional large language models (LLMs) has generated a massive
amount of interest across multiple disciplines and fields, with abilities ranging from an-
swering simple questions to the solving of complex problems and generation of codes [1].
In the field of education, knowledge creation is an important and critical suite of practices
by which a community advances its collective knowledge and is closely related to inno-
vation [2]. Although students may not be on par with scientists in their ability to create
new knowledge, they can be put on a knowledge building trajectory and start developing
similar practices such as identifying major gaps in a community’s knowledge, learning to
set up goals, and identifying ways to address and work together to improve a community’s
ideas over time [3]. In recent times, technological advancements have supported students
in knowledge building discourse via an online discourse platform [4] (Knowledge Forum)
that supports knowledge creation and knowledge building, where students can collabora-
tively work on ideas, and it also serves as an archive of the community’s ideas as students
develop and improve their ideas over time.

Although student efforts in knowledge creation have been quite well-researched and
analyzed over the years along with a greater understanding of students’ responses [5,6],
the quality of responses remains a critical issue because it is dependent on a multitude of
factors, including innate factors such as motivation, along with the availability and diversity
of ideas that excite students in furthering ideas through discourse. At times, students’
responses are either lacking or not at the level that some educators would expect to achieve
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in certain learning environments. The emergence of generative Al, especially with the
increased accessibility of Generative Pre-trained Transformer (GPT)-related technologies
such as ChatGPT, gives rise to a new technological tool that enables educators and even
students to work on their questions and ideas in ways that were previously not possible.

However, to utilize and converse effectively with the LLMs, users must be proficient
with prompt engineering, essentially crafting instructions to LLMs for customizing outputs
and the enhancement of the models’ capabilities. The key to prompt engineering is to
design and craft prompts that will be used for downstream tasks, in guiding pre-trained
models to perform desired tasks and achieve required performance goals [7]. It has been
particularly difficult to use LLMs with challenging tasks such as arithmetic reasoning,
commonsense reasoning, and symbolic reasoning [8], especially if the goal is to work
with commonsense-reasoning-related tasks. Methods to guide model learning include
fine-tuning pre-trained models and in-context prompting as means to guide models to
perform desired tasks.

Instead of the traditional route of fine-tuning LLMs using gradient updates [9], which
is a costly and time-consuming process, an increasing number of researchers prefer the
use of in-context prompting with LLMs to achieve improved success using several input—
output exemplars [10]. The use of prompts to guide model learning [11], also referred to as
prompt learning, can enable language models to perform few-shot or zero-shot learning
and adapt to new scenarios with minimally labelled data [12]. This paper focuses on
understanding the use of prompt engineering for knowledge creation and is guided by the
following research question: “How can the approach of Chain-of-Thought [13] (CoT) be
applied to support students” improvable ideas in a knowledge creation environment?”

We hypothesize that the Chain-of-Thought (CoT) approach in prompt engineering
will provide for a more elaborate and insightful way of supporting students’ ideas in a
knowledge creation environment, therefore improving students’ capacity for generating
and improving ideas while enhancing the overall quality of the knowledge building dis-
course facilitated by the use of LLMs. The importance of this development lies in how a
prompting-only approach can uncover greater possibilities of working without large train-
ing datasets and the ability of a single checkpoint model to perform many tasks without a
loss of generality. With the use of Chain-of-Thought prompting for knowledge creation
and commonsense reasoning, this work intends to contribute to the field of applied Al for
educational purposes.

2. Background and Literature
2.1. Emergence of Generative Al and LLMs

Since the 1960s, generative Al has been present in the form of chatbots and has been
growing in prominence within the past decade due to the development of generative
adversarial networks (GANSs) in 2014 by Goodfellow and colleagues [14]. GANs were
seen to be a disruptive development, considering their enormous potential in mimicking
distributions of data, the synthesis of new content, and the ability to create real-world
objects across multiple domains. While there were potential benefits and impacts on society,
there were also negative connotations with fake media content such as deepfake videos,
which blurred the lines between actual recorded data and digitally constructed content,
making it difficult to determine authenticity [15].

These forms of information disorders do not detract from the large numbers of benefits
that were provided via the use of another family of neural networks that use a transformer
architecture, namely Generative Pre-trained Transformer (GPT) [10]. This key advancement
in Al has helped to power applications such as ChatGPT, which rose to fame towards the
end of 2022 and presented itself as a much more powerful and accessible system that can
eventually steer research and development to artificial general intelligence and a system
that can solve human-level problems. On the education front, it has already been used for
teaching and learning with prospects and challenges [16,17], designs and practices [18], and
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strategies [19] that are crafted around the responsible use of ChatGPT, which is a critical
aspect for encouraging wider use by educators and students.

2.2. Role and Various Approaches of Prompt Engineering

Prompt engineering, as enabled by in-context learning and prompting, gained promi-
nence after the introduction of ChatGPT, since the main method of input and interaction
with the LLM is to issue text to it to garner a response, or technically an instruction to the
LLM. When communicating with an LLM such as ChatGPT, prompts—including questions,
claims, and statements—are used and users would expect an accurate and adequate answer.

As it is with how people respond to each other in real life, the prompts can have
varying levels of clarity and specificity. Essentially, good prompts that elicit good responses
from LLMs need to fulfil two criteria: clarity and specificity [11]. Clear prompts contain a
simple vocabulary and straightforward language that is unambiguous and does not contain
technical jargon. Prompts with specificity require the provision of the necessary contextual
information for the LLM to answer the question or to fulfil the given task.

Prompting also takes on many forms and, among the various approaches, standard
prompting is considered the basic approach and is often used for benchmarking LLM
performances. Several approaches exist, including the following:

e  Zero-shot. This entails simply feeding a natural language description of the task to the
model without exemplars and requests for a result;

e  One-shot. A single exemplar is provided to the model so that it can provide a result
similar to what is intended and is often better than a model without an exemplar;

e  Few-shot. A set of high-quality demonstrations or exemplars are introduced to the
model at inference time, consisting of both input—output pairs for a target task, essen-
tially to get the model to provide a result that better considers the human intention and
criteria, with performance that is often better than zero-shot and one-shot attempts.

Table 1 presents several examples of what prompting looks like when students ask
questions with a zero-shot, one-shot, or few-shot approach.

Table 1. Examples of zero-shot, one-shot, and few-shot prompting in question-and-answer format
based on topics that students ask (screenshots of inputs and outputs can be found in Figure Al of

Appendix A).
Approaches Format Input Output
Zero-shot <Question> ? Answser Trug or False': . False
Question: Will recycling alone reverse global warming?
Answer which appliance:
<Question> ? OQfl{[(ieIsrtleor;; V\tfglc(})lrageillﬁgci consumes more electricity in same period
One-shot s 1aptop P Water heater
. Answer: Desktop
<Question> ? . . . C .
Question: Which appliance consumes more electricity in same period
of time, water heater or fridge?
Answer good or bad idea:
. O . . »
<Question> ? Question: Car} we keep appliances on standby when not using them?
<Answers Answer: Bad idea.
<Question> ? Question: Maybe we should use less plastics if they become trash in
’ the ocean? .
Few-shot <Answer> ) . Good idea.
<Question> ? Answer: Good idea.
’ Question: Should all renewable energy sources be solar?
<Answer>

<Question> ?

Answer: Bad idea.
Question: Is it better to encourage eating more vegetables to reduce
greenhouse gas emissions?

It should be noted that the question-and-answer format need not be strictly used and
the format of prompting depends on the nature of the tasks, which can be classification
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tasks that give exemplars that demonstrate a particular task. The last example in Table 1
with the few-shot example demonstrates that ideas can be largely classified by the LLM.

Beyond in-context prompting, there are other extensions of prompting with LLMs,
such as fine-tuning [20], automation [21,22], and the customization of generated outputs.
There are also published catalogs [11] documenting frameworks for documenting patterns
for structuring prompts to solve a range of problems and adaptations to different domains,
with patterns that have been used successfully to improve outputs from LLMs.

2.3. Chain-of-Thought (CoT)

Complicated reasoning processes that often involve intricate ideas and plans will likely
require intermediate steps that lead to a consensus and final solutions, which few-shot
prompting is able to demonstrate to a certain extent.

A recent study [13] presented a promising approach called Chain-of-Thought (CoT)
prompting, which was able to unlock the promising potential of reasoning in large language
models by introducing a series of intermediate reasoning steps. In essence, this method of
prompting encourages the model to reason similarly to how the prompt was written as a
series of steps. This form of prompting has several benefits over standard prompting: it is
able to build on and incorporate intermediate steps into current few-shot learning tasks,
thereby improving the model’s improvement on complex problems; it enhances the way in
which results can be interpreted and therefore presented with greater insights into model
behavior and decision-making, with more transparency on and a greater understanding of
how it generates outputs; and, more importantly, it can outperform standard prompting
across arithmetic reasoning, commonsense reasoning, and symbolic reasoning tasks.

Among these three reasoning tasks (arithmetic reasoning, commonsense reasoning,
and symbolic reasoning tasks), and as explained and exemplified in the context of CoT [13],
the study in this paper focuses on the commonsense reasoning tasks that align with the
nature of knowledge creation. We mapped related processes together to advance the way
in which prompt engineering can be conducted for knowledge creation.

On the one hand, in general, commonsense reasoning, which is key for interacting
with the world, is still beyond the reach of most natural language understanding sys-
tems [23]. Commonsense reasoning pertains to the answering of questions that involve our
understanding of everyday situations and making inferences based on general knowledge.
Within the domain of knowledge creation, this touches on how learners can pose questions
related to one’s authentic experiences, raise real problems from these experiences, and
create and improve ideas to help resolve problems. On the other hand, Table 2 shows an
example of commonsense reasoning that can be resolved using an LLM, which justifies the
foray into the use of prompt engineering and LLMs for reasoning and knowledge creation.

Table 2. Example of commonsense reasoning using an LLM (a screenshot of the input and output can
be found in Figure A2 of Appendix A).

Question: If John wants to go to a place where he can enjoy playing with water, where would he
go to? Answer choices: (a) an aquarium (b) the ocean (c) nearby pond (d) a reservoir (e) his
bathtub

Answer: (b) the ocean

There are several desirable properties for facilitating reasoning in LLMs and these
properties were identified in Wei et al.’s paper [13] as follows:

1. Firstly, models should be allowed to break down multi-step problems into intermedi-
ate steps, which can be implemented with more resources if required;

2. Next, the CoT as an interpretable window into the behavior of the model can allow
the model to decide how best to support an answer;

3. CoT reasoning is used for arithmetic, commonsense reasoning, and symbolic manipu-
lation, with potential application to tasks that humans can solve via language;
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4. CoT reasoning can be readily elicited from sufficiently large off-the-shelf language
models via examples of CoT sequences in exemplars of few-shot prompting.

As with other forms of prompting, CoT prompting can also be conducted in the
following two ways, similar to those shown in Section 2.2:

e  Zero-shot CoT. Natural language statements are used to encourage the model to
generate reasoning chains;

e  Few-shot CoT. The model is prompted with a few high-quality demonstrations or
exemplars to generate a result. This approach was used in this study to eventually
lead to the final answer as the benefits are more pronounced for complicated reasoning
tasks with larger language models.

By including several demonstrations of CoT as exemplars in few-shot prompting,
this combination of actions can aid LLMs to generate chains of thought in response. To
demonstrate this, we asked the LLM a question related to human sustainability in terms of
the overcrowding of usable spaces. Table 3 shows an example of what standard prompting
looks like in comparison to how the provision of exemplars for CoT prompting will look.

Table 3. Comparing standard prompting against Chain-of-Thought (CoT) prompting (screenshots of
inputs and outputs can be found in Figure A3 of Appendix A).

Approaches Format Input Output
Question: John wants to enjoy places that are
less crowded. Where can he go to? Answer
choices: (a) a shopping mall (b) a park (c) a train
S <Question> ? station (d) a corridor (e) by the roadside
tandard .
. <Answer> Answer: (b) a park Answer: (a) a shopping mall
prompting <Question> ? Question: John likes to visit crowded areas.
Where can he go to? Answer choices: (a) a
shopping mall (b) a park (c) a train station (d) a
corridor (e) by the roadside
Question: John wants to enjoy places that are
less crowded. Where can he go to? Answer Answer: The answer should be a
choices: (a) a shopping mall (b) a park (c) a train  place with more people. From the
station (d) a corridor (e) by the roadside given choices, a shopping mall, a
<Question> ? Answer: The answer should be a place with lesser train station, and possibly a park
CoT prompting  <Answer provided with  people. From the given choices, a park has lesser during peak times would have
(italicized) CoT> people and is more enjoyable than a corridor or the more people compared to a

<Question> ?

roadside. So the answer is (b) a park

corridor or the roadside. So, the

Question: John likes to visit crowded areas. answer could be either (a) a
Where can he go to? Answer choices: (a) a shopping mall or (c) a train
shopping mall (b) a park (c) a train station (d)a  station.

corridor (e) by the roadside

From the responses in Table 3, the standard prompt was able to provide a likely
correct answer, and it might be debatable whether a train station is more crowded than the
provided answer of a shopping mall. Standard prompting was able to ensure that there is a
reasonable answer, but the reasoning was not made clear to the user.

With CoT prompting, it is apparent that a straight direct answer was possible but not
given due to the limited information that in-context prompting can provide. However, the
value of CoT prompting provides additional reasons that will help the LLM user better
decide what might be a more suitable answer, which, in this case, is either a shopping mall
or a train station, depending on peak periods. This is a demonstration of how the provision
of CoT for prompting can significantly improve the ability of the LLM to conduct complex
reasoning.

As part of this extended literature review, we note several enhancements and exten-
sions that can be used to further enhance the current CoT approach’s reasoning perfor-
mance, one of which is existing work to replace the original naive greedy decoding strategy
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used in CoT prompting with self-consistency [24]. This technique leverages the intuition
of how there may be multiple diverse ways of thinking and reasoning that will lead to a
single unique correct answer. This development banks on the rationale that, when there is
more deliberate thinking and analysis required for a problem, there will likely be a greater
diversity of reasoning paths that lead to an answer [25]. Hence, this development has been
noted as a possible extension for enhancing the way in which CoT can be improved to
assist with the processes of knowledge creation and knowledge building. However, we
also highlight that this development is not the focus of this paper.

2.4. Knowledge Creation and Knowledge Building

Complicated reasoning processes that often involve intricate ideas and plans will likely
require intermediate steps that lead to the convergence and creation of newer knowledge.
Before this can be achieved, there needs to be an alignment of education with the needs of
knowledge creation in the digital age. Knowledge building is akin to knowledge creation
that is practiced in research laboratories, focusing on value to the individual, community;,
and society, evolving with theory and pedagogy over the years, and making knowledge
creation processes available to school-aged students [26].

Knowledge building, as a principle-based pedagogy [27] and suite of practices, allows
students to work on big questions (e.g., Does a reduction in single-use plastics make a
difference to climate change?) and collaboratively develop and improve ideas through
epistemic agency, improvable discourse, and ideas. By having students’ ideas placed within
a public space such as the Knowledge Forum [4], it is then possible for students to visualize
and seek out diverse views and ideas and build on each other’s ideas as part of community
efforts to further advance collective knowledge. This sustained design implementation
research is currently a systematic approach that can help reconstruct educational prac-
tices to establish self-improving systems for continual alignments in knowledge creation,
with implications for developing self-improving systems and communities that leverage
technology for realigning education in knowledge creation [26].

3. Materials and Methods
3.1. CoT Design for Knowledge Creation

Based on current practices where students seek out each other’s ideas or reference
them from other sources, the use of generative Al with an LLM provides an alternative and
emergent source of information that can support students in improving their ideas. Using
the CoT prompting method described in Section 2.3 and through the lens of knowledge
creation with the use case situated in a knowledge building environment to support
improvable ideas, the following actions can be taken to design CoT for knowledge creation:

1.  Students’ questions, as part of knowledge building, can be broken down into multiple
intermediate steps to be implemented as prompts;

2. The CoT can be sufficiently contextualized and supplemented with information to
provide a sufficient window of interpretation and, therefore, allow room for the ideas
to be fully fleshed out in the generated output;

3. CoT reasoning can be used for commonsense reasoning as part of the alignment with
the needs of knowledge creation in the knowledge building environment;

4. CoT reasoning can be elicited in the LLM by including examples of CoT sequences
into the exemplars of few-shot prompting.

Several few-shot exemplars for CoT prompting are illustrated in Table 4 for knowledge
creation, and these can be used to obtain CoT responses from the LLM.
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Table 4. Few-shot exemplars showing how we can add Chain-of-Thought prompting (italicized) to
existing questions and responses for knowledge creation.

Question 1: If we want to reduce carbon emissions, what should we stop doing? Answer choices:
(a) using natural gas (b) using fossil fuels (c) using wind energy (d) using solar energy

Answer 1: The answer must be able to reduce carbon emissions. Of the above choices, fossil fuels contribute
the most carbon emissions. So, the answer is (b) using fossil fuels.

—Separate question-and-answer—

Question 2: Which way of travelling to school is more environmentally friendly and sustainable?
Answer choices: (a) by private electric car (b) by public diesel bus (c) by public electric taxi (d) by
public electric trains

Answer 2: The answer must consider public transport is more economical than private transport and then
the seating size of transport. Of the above choices, public transport that is electric vehicle is more
environmentally friendly and sustainable. So, the answer is (d) by public electric trains.

In this study, we observed how CoT reasoning can be used with commonsense rea-
soning for knowledge creation by reformatting actual students” questions from authentic
learning settings with CoT prompting and then inputting them into an LLM before com-
paring the outputs with the actual students’ responses to determine the utility of CoT
prompting. The resulting comparisons and outputs will inform educators and students on
how they may use CoT to aid their journeys in knowledge building and improve students’
ideas with LLMs.

3.2. Settings, Participants, and Setup
3.2.1. Context and Nature of Student Questions

This study followed a quasi-experimental design, with data obtained from an authen-
tic learning environment that was designed and implemented as a student Knowledge
Building Design Studio (sKBDS). The theme was centered on sustainability and the event
was held in November 2021. An ethics review was approved and clearance from the
university was sought before we collected and analyzed data. A total of 31 participating
students from primary and secondary schools (between Grades 5 and 10) underwent two
days of online facilitation and exploration to investigate real-world problems relevant to
the theme and their questions to each other were posted on the Knowledge Forum. The
nature of the student questions was a mixture of natural science and social science, ranging
from simple questions to questions with justifications and explanations as students sought
answers to their queries.

3.2.2. Extraction of Question—Answer Pairs

Question—answer pairs that students posted on the Knowledge Forum involved stu-
dents asking and answering questions on a topic and were predominantly used for clar-
ifications of a discussed topic, the review of a recently completed activity, or as part of
preparations for presentations. A complete question-answer pair entails a query that
is contextualized to the sKBDS’s theme on sustainability (e.g., “How did carbon come
about?”) and not solely casual talk (e.g., What drinks? Bubble tea?”), followed by a suitable
response from another participant in the sKBDS. The timing of the reply was asynchronous
and limited to responses garnered from the two days of facilitation.

As part of the data-cleaning process and to fulfil the purposes of this study, only
complete question-answer pairs were considered for use due to the need for the LLM
outputs to be compared with original human answers that allowed us to discuss the utility
of CoT. Out of the 721 discourse turns that were collected during the two-day sKBDS
event, 272 complete question—-answer pairs were identified to be relevant and usable data,
forming 149 threads of discussion. In this paper, we illustrate two threads of complete
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question—answer pairs in the findings to showcase the potential utility of CoT to support
improvable ideas in the context of knowledge creation and knowledge building.

3.2.3. Extraction of Question—Answer Pairs

Through this study, we aimed to better understand the utility of CoT by selecting
complete scientific and social science question—answer pairs and augmenting them with
CoT few-shot exemplars before sending them as inputs to the LLM. As shown in the
examples in Tables 3 and 4, the proposed enhancements will allow LLM-generated outputs
to be compared against existing human answers. As part of the method, two or more
question—answer pairs need to be consecutive and relevant to each other for comparison,
and the responses that follow need not be from the same respondent, since the goal is
to assess the quality of answers and differences between an LLM-generated answer and
the original human answer. Figure 1 shows how the responses can be compared against
each other. The Results section presents the differences and comparisons between the
LLM-generated output and students’ original answers.

Identification of consecutive
question-and-answer pairs
(Q1, A1, Q2, A2)

From existing data Proposed/method

Original Question 1 Original Question 1
(Q1) (Q1)

Original Answer 1 Augmented Answer 1
(A1) (A1*) with CoT

Original Question 2 Original Question 2
(Q2) (Q2)

Original Answer 2 LLM-generated
(A2) Answer 2 (A2*)

Comparison
of answers

Figure 1. Comparison of answers A2 and A2*, provided respectively by humans (left track) and
generated by the LLM using augmented exemplars with CoT few-shot prompting (right track).
3.2.4. Choice of Large Language Model (LLM)

GPT-3.5 Turbo was chosen as the LLM to be used in this study. Although similar
to other LLMs such as BERT and PaLM, GPT’s good performance across most tasks and
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subjects made it the preferred choice. Additionally, the ease of access to GPT3.5 Turbo
via an application programming interface (API) is another reason why it was chosen
for implementation. Initial testing with emergent models (e.g., GPT4, GPT40) showed
responses with a level of quality similar to expectations and the proposed method in this
study is expected to perform well for knowledge creation, even with the versions of LLMs
coming in the near future.

4. Results

A total of 721 discourse turns were scrutinized and 272 question—answer pairs were
found to contain content that was relevant to the discussion on sustainability. This indicated
that 79% of the student postings were relevant and the other discourse turns were either
trivial or casual talk and were thus not analyzed. Among the relevant question—answer
pairs, 149 threads of student discussion with at least thread depth 3 were found, and the
longest thread at depth 9 had three different participants.

Two example threads of complete question-answer pairs are shown to illustrate
how CoT can be used to support improvable ideas in the context of knowledge creation
and knowledge building. Both illustrations showcase the sequence of existing data from
students” discourse and how responses can be augmented to provide an enhanced and
potentially improvable set of responses that are generated by the LLM. The final outputs are
compared against each other, and discussions are carried out in Section 5. Figure 2 shows
the first of the two illustrations, with an augmented answer constructed with CoT (A1%)
serving as the input to the LLM to generate an improved response (A2*). Figure 3 shows
the second illustration, where an original response has some semblance of CoT, but was
still augmented with the intended use of CoT, and the findings show the additional impact
of the CoT approach in helping to improve existing ideas and sustain the development of
ideas.

4.1. First lllustration from Empirical Data

The full thread shown in Illustration 1 (Figure 2) can be found in Figure A4 of
Appendix A. The LLM-generated response (A2%) is a longer response with more details
than the original human answer (A2), and it is fully presented below.

“One advantage of eating plant-based meat is its potential to have a lower environ-
mental impact compared to traditional animal-based meats. Plant-based meats are often
produced using fewer resources and generating fewer greenhouse gas emissions than
raising and processing animals for meat. This can contribute to reducing the overall carbon
footprint associated with food production. Additionally, plant-based meats can offer a
similar taste and texture to traditional meats, making them a viable option for individuals
who want to reduce their meat consumption for health, ethical, or environmental reasons
without completely giving up the familiar flavors and dishes they enjoy”.

4.2. Second Illustration from Empirical Data

The full thread shown in Illustration 2 (Figure 3) can be found in Figure A5 of
Appendix A. The LLM-generated response (A2¥) is also a longer response with more
details than the human-generated response (A2), and the former is fully presented below.

“Certainly, creating an environment where animals and humans can coexist harmo-
niously is indeed possible, but it requires conscious effort and consideration for both parties.
Here’s one way to achieve this: Promoting wildlife conservation and habitat restoration: By
protecting and restoring natural habitats, humans can provide animals with the space and
resources they need to thrive. This involves preserving natural landscapes, planting native
vegetation, and creating wildlife corridors that allow animals to move freely between dif-
ferent areas. When ecosystems are healthy, they can support a variety of species, including
humans, while minimizing conflicts. Additionally, raising awareness about the importance
of biodiversity and the role each species plays in the ecosystem can foster a greater sense of
empathy and understanding among humans. Educating people about responsible behavior
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around wildlife, such as not feeding them or encroaching on their territory, can help reduce
negative interactions”.

Identification of consecutive
guestion-and-answer pairs
(Q1, A1, Q2, A2)

From exi{ting data

With|CoT
\ 4
Do you know that when Original Do you know that when
we eat meat, it has more g . we eat meat, it has more
carbon emissions than Question carbon emissions than
(Q1) 5
plants? plants?

It is best not to eat meat
at all if can.

Augmented
(A1%)

\ 4

The answer must compare
carbon emissions of meat
against plants, and meats
cause more carbon
emissions than plants. So,
it is best not to eat meat at
all if possible.

v

What is one advantage Original What is one advantage in
in eating plant-based Question | eating plant-based
meat? (Q2) meat?

People believe that
eating plant-based food
is the start for them to
help animals

LLM-response
(A2%)

Comparison
of answers

L

l

LLM-generated Answer 2
(A2*) — Full answer in
text body.

Figure 2. Illustration 1 comparing human answers (A2) against the LLM response (A2*) generated
from the CoT-augmented (italicized) answer (A1*) as the input.
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Identification of consecutive
question-and-answer pairs
(Q1, A1, Q2, A2)

From existing data With CoT

v
Can humans and animals
live in harmony?

v

The answer must consider
how humans and animals
live and also what
harmony means. No, |
think people living in

- Original
Can humans and animals g .
. - Question
live in harmony?

(@)
v

No, | think people living
in today’s world tend to
abuse animals and may
be scared of them. In

today’s modern world, |
v ! today’s world tend to abuse

do not really see a place ;
; y P Augmente animals and may be scared
for animals and people (A1*) with

o : - of them. In today’s modern
living together. _mmgﬁ[/ world, | do not really see a
place for animals and
people living together.

v

Original (A1) with
some CoT

|

Suggest one way we can Suggest one way we can
create an environment Original create an environment
that will allow animals Question that will allow animals
and humans to co-live (Q2) and humans to co-live
together then? together then?

Humans can give their

ots 3 Bro e;g Original (A2) LLM-generated Answer 2
P . prop (A2*) — Full answer in
environment and be

. LLM-response text body
kind to them. (A2*)

Comparison
of answers

Figure 3. Illustration 2. Signs of CoT in the original response (A1) but differences still observed
between the human answer (A2) and the LLM response (A2*) due to the use of the CoT-augmented
(italicized) answer (A1%) as the input.

5. Discussion and Limitations

CoT prompting has been explored as a viable alternative to elicit multi-step reasoning
behavior in LLMs for knowledge creation purposes. For the specific domain of common-
sense reasoning that is aligned with the knowledge creation and knowledge building
domains, the findings show that the focus is not just on achieving commonsense goals, but
also obtaining an improvement in the quality of LLM-generated content and ideas, with an
increase in the diversity of ideas that allow students to improve their work. This is evident
from our findings, and the following discussion will explain the differences between the
two illustrations.

In the first illustration, on the one hand, we see the human-generated answer by a
student as a direct answer that is simple and kickstarts a subsequent discussion. It is,
however, lacking in content and substance in provoking deeper thought that may help
others improve their ideas. On the other hand, the LLM-generated response is not only an
elaborate and more detailed answer, but also one that used the CoT exemplars to guide
the response and provide reasons on why plant-based meats produce fewer greenhouse
gas emissions. The LLM also generated an additional consequence and more descriptions,
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although these were not warranted, but it was also likely a feature that the LLM decided to
include in its output.

In the second illustration, when additional exemplars with CoT prompting were
included in the original answer Al, the LLM-generated output shows the significant
difference that CoT exemplars can make in encouraging the LLM to generate a substantially
more diverse and better-quality output. In addition to providing more descriptions to
address the question, the resulting output became more predictive and even prescriptive in
nature, with suggestions extending to how educating people about responsible behavior
around wildlife can help reduce negative interactions.

This study has presented just two illustrations out of the other valid interactions
that students generated throughout the study. What has been showcased is that the
linguistic nature of CoT reasoning makes it generally applicable, similarly to what Wei
et al. [13] showed in demonstrating the reasoning capabilities of generative AIl. However,
by adopting the use of CoT prompting as part of the synthesis of better answers to improve
students” ideas and work, we are potentially seeing a re-tuning of developments to match
the emerging needs of students within a knowledge society [17]. With this course of
action, CoT prompting can be used beyond the original reasoning processes to generate
a broader and diversified range of responses that students may not be able to provide
without generative Al and for knowledge creation and knowledge building purposes.

There are admittedly some limitations that may not be fully resolvable at this time.
Some may feel that CoT is supposed to emulate the thought processes of human reasoners,
but this is still not a certainty, since the neural networks currently being used in LLMs
can acquire knowledge but may not be able to reliably conduct reasoning [28]. After all,
the LLMs were created by training them on large troves of data to produce human-like
responses similar to natural language queries, with no guarantee of correct reasoning paths,
which may potentially lead to both correct and wrong answers.

Further, even though we have provided examples from actual student discourse data,
it is unlikely that most students will be able to inquire with CoT exemplars when conducting
few-shot prompting, but it is possible for students to be taught accordingly on how to
use the LLM in an appropriate manner and for the intended purpose. This, however, also
means that using CoT to augment students’ inquiries may be very taxing and have to be
manually performed at this point, while scaling of few-shot CoT prompting may require the
maturing of the technology or a rethink of how few-shot processes can eventually become
zero-shot generalization that can be performed as part of deep reinforcement learning. Last,
but not least, CoT was able to be used due to LLMs and it is possible that the use case may
still currently be prohibitive in other real-time applications that use smaller models due to
limitations of cost and other material resources.

6. Conclusions

This study has provided a perspective on how students and even educators can tap
into LLMs to support knowledge creation and knowledge building processes via the use of
few-shot exemplars augmented into CoT prompting. Although prompts were manually
crafted around students’ authentic inquiries, the results show that it is also in these authentic
learning environments that CoT prompting generates improved responses that are more
insightful than students’ responses, which are limited in terms of content and scope.

In general, it is possible but uncommon that some students may be able to conduct
questioning that is already similar to few-shot CoT prompting in order to aid learning.
Therefore, we propose through this study that the general approach of using CoT for
inquiries can be part of the necessary literacy and scaffolding required to compose and gen-
erate questions that are critical for knowledge creation and knowledge building purposes.
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Appendix A

The following are screenshots from prompts that were reported and used in this paper,
consolidated into several figures based on the chronological order of mention.

Answer True or False:
Question: Will recycling alone reverse global warming?

Answer which appliance:

Question: Which appliance consumes more electricity in same period of time, laptop or
desktop?

Answer: Desktop

Question: Which appliance consumes more electricity in same period of time, water heater
or fridge?

Answer: Water heater

Answer good or bad idea:

Question: Can we keep appliances on standby when not using them?

Answer: Bad idea.

Question: Maybe we should use less plastics if they become trash in the ocean?
Answer: Good idea.

Question: Should all renewable energy sources be solar?

Answer: Bad idea.

Question: Is it better to encourage eating more vegetables to reduce greenhouse gas
emissions?

@ Answer: Good idea.

Figure Al. Responses from the LLM based on zero-shot (top), one-shot (middle), and few-shot
(bottom) prompting.
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A Question: If John wants to go to a place where he can enjoy playing with water, where would

he go to? Answer choices: (a) an aquarium (b) the ocean (c) nearby pond (d) a reservoir (€)
his bathtub

@ Answer: (b) the ocean

Figure A2. LLM output from the commonsense reasoning task.

Question: John wants to enjoy places that are less crowded. Where can he go to? Answer
choices: (a) a shopping mall (b) a park (c) a train station (d) a corridor (e) by the roadside
Answer: (b) a park

Question: John likes to visit crowded areas. Where can he go to? Answer choices: (a) a
shopping mall (b) a park (c) a train station (d) a corridor (e) by the roadside

Answer: (a) a shopping mall

Question: John wants to enjoy places that are less crowded. Where can he go to? Answer
choices: (a) a shopping mall (b) a park (c) a train station (d) a corridor (e) by the roadside
Answer: The answer should be a place with lesser people. From the given choices, a park has
lesser people and is more enjoyable than a corridor or the roadside. So the answer is (b) a
park

Question: John likes to visit crowded areas. Where can he go to? Answer choices: (a) a
shopping mall (b) a park (c) a train station (d) a corridor (e) by the roadside

The answer should be a place with more people. From the given choices, a shopping mall, a
train station, and possibly a park during peak times would have more people compared to a
corridor or the roadside. So, the answer could be either (a) a shopping mall or (c) a train

station.

Figure A3. Comparison of the LLM output using standard prompting (top) against CoT prompting

(bottom).

Question: Do you know that when we eat meat, it has more carbon emissions than plants?
Answer: The answer must compare carbon emissions of meat against plants, and meats
cause more carbon emissions than plants. So it is best not to eat meat at all if possible.

Question: What is one advantage in eating plant-based meat?

One advantage of eating plant-based meat is its potential to have a lower environmental
impact compared to traditional animal-based meats. Plant-based meats are often produced
using fewer resources and generating fewer greenhouse gas emissions than raising and
processing animals for meat. This can contribute to reducing the overall carbon footprint
associated with food production. Additionally, plant-based meats can offer a similar taste
and texture to traditional meats, making them a viable option for individuals who want to

reduce their meat consumption for health, ethical, or environmental reasons without

completely giving up the familiar flavors and dishes they enjoy.

Figure A4. lllustration 1’s LLM-generated output after CoT prompting was augmented in the first

answer.
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Question: Can humans and animals live in harmony?

Answer: The answer must consider how humans and animals live and also what harmony
means. No, | think people living in today’s world tend to abuse animals and may be scared of
them. In today’s modern world, | do not really see a place for animals and people living
together.

Question: Suggest one way we can create an environment that will allow animals and

humans to co-live together then?

Certainly, creating an environment where animals and humans can coexist harmoniously is
indeed possible, but it requires conscious effort and consideration for both parties. Here's

one way to achieve this:

Promoting Wildlife Conservation and Habitat Restoration: By protecting and restoring
natural habitats, humans can provide animals with the space and resources they need to

thrive. This involves preserving natural landscapes, planting native vegetation, and creating

wildlife corridors that allow animals to move freely between different areas. When

ecosystems are healthy, they can support a varnety of species, including humans, while

minimizing conflicts.

Additionally, raising awareness about the importance of biodiversity and the role each
species plays in the ecosystem can foster a greater sense of empathy and understanding
among humans. Educating people about responsible behavior around wildlife, such as not

feeding them or encroaching on their territory, can help reduce negative interactions.

Figure A5. Illustration 2’s more elaborate LLM-generated output after additional CoT exemplars
were used in prompting.
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