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ABSTRACT: The use of large language model Generative Al (GenAl) systems
by students and instructors is increasing rapidly, and there is little choice but to
adapt to this new situation. Many, but not all, students are using GenAl for
homework and assignments, which means that we need to provide equitable
access for all students to Al systems that can support and enhance their learning.
At the same time, we need to think carefully about just what we want teaching and
learning to look like as GenAlI systems become readily available. Here we propose
that “business as usual” is not a responsible option. Although chatbots can readily
answer questions, produce summaries of content, and make the process of RaG Chatbot
education more efficient, there is scant evidence that such time saving is effective,

and indeed, it is important that we not allow the use of GenAl systems to p}
circumvent or undermine the learning process. The availability of so-called

Retrieval Augmented Generative (RAG) Al systems allows us to expand what we
expect students to know and do, by 1) supporting instructors in the design of more complex tasks (that can, for example, elicit
evidence of three-dimensional learning (3DL)), 2) supporting students as they reason through such scaffolded tasks, and 3) by
evaluating student responses, individually and in aggregate. We present examples of each of these affordances with the associated
training materials and bot personas, along with caveats about their use.
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H INTRODUCTION
In the short time that large language model generative Al

asking students to critique the responses that GenAl-bots
generate, compare Al generated responses to human generated

(GenAl) tools have been available they have generated a furor in
the educational community. Responses have ranged from
concerns about how to stop students using them to cheat on
assignments, to suggestions for various ways that they can be
used to support learning." A recent Google Scholar search for
“ChatGPT in education” produced about 85,000 publications;
narrowing the search to “ChatGPT in chemistry education”
reduced the hits to around 11,000. In 2023 over 40 papers were
published in the Journal of Chemical Education alone on the use
of generative artificial intelligence. Clearly there is immense
interest in, and numerous suggestions for, how to best use these
generative Al-based tools.””

Those opposed to allowing the use of GenAl-based tools in
the classroom point to the fact that ChatGPT can invent or
hallucinate ideas (including sources)®’ and there is great
concern that offloading course work to ChatGPT or other
GenAl-based tools (e.g., Anthropic’s Claude, Google’s Gemini,
Meta’s Llama etc.) is “cheating”.” Others have had a more
positive approach to the educational impacts of Al-based tools.
They have considered how the affordances offered by these tools
can be used to support instructional practices and assessments.
Among the suggestions for how we might use Al-based tools are

© XXXX The Authors. Published by

American Chemical Society and Division
of Chemical Education, Inc.

WACS Publications

responses, or to discuss personally relevant ideas in their
responses.3’
for example, GenAl-based tools can grade student work, ranging
from lab reports” to open-ended responses to assessment items
and provide feedback to students and instructors.”

However, as noted earlier, there are significant issues with
using these LLM systems: they tend to hallucinate (that is make
up answers to queries), answers are not always relevant or
appropriate (since they are trained on large data sets some of this
information is incorrect), and there is a significant risk to privacy
when using them (any input can be used to train the overall
model). This makes the current uses of LLMs to support
education quite problematic. However, there is an alternative
approach.

6-8 . .
There are also “structural impacts” to consider;
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Retrieval Augmented Generative (RAG) Al Systems Can
Mitigate Many of the Problems with GenAl Systems

As noted, much of this “early” work on GenAl-based learning
tools, specifically interactive chatbots, has relied on large
language models (LLMs), such as ChatGPT, and subsequent
training of these models for specific purposes. There has, as yet,
been little discussion about custom chatbots that are confined to
content specified by the designer. That is, rather than adopting
the broad and overarching affordances and weaknesses of
ChatGPT itself, narrower, and deeper chatbots based on desired
content seem better suited and more appropriate for use in
education. In particular Retrieval Augmented Generative
(RAG) GenAl systems'” have extraordinary potential for several
reasons:

1) they use author/designer supplied content materials and
data to generate their responses,

2) the student inputs are not used to train a GenAl model.
Student responses are confidential, secure, and are not fed
into a generative Al model that is then used by others (as
is the case with ChatGPT).

3) RAG-Al systems can also specify, when needed, where the
information they are using came from, and

4) RAG systems are much less prone to “hallucinating” or to
put it less politely, producing BS."" The features of RAG-
Al-based systems combine to make them more custom-
izable and dependable for educational purposes. In
addition, it is now possible to design these customized
RAG-Chatbots without extensive and specific technical
knowledge, and it is relatively simple to access the
available design tools (see below)."?

Figure 1a shows a typical GenAl Chatbot such as those based
on ChatGPT, which is typically trained on the vast swathes of
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Figure 1. A typical data flow for a GenAl Chatbot and a RAG-AI
Chatbot

data scraped from the Internet; it is often retrained by the user by
adding relevant examples and other instructions to customize
the output. Even with this iterative training and prompt
engineering, hallucinations are likely, and thus, it is not possible
to ensure that the chatbot responses are accurate. It is also not
possible to determine where the bot procured the information

used in its response. In contrast, a RAG GenAlI system uses only
materials supplied by the developer as the content source for any
responses. Figure 1b shows how the input query is directed to
the users’ content (in our case chemistry course materials), by
what is essentially a “digital librarian”. When the question or task
is posed, the RAG system looks for the answers in the user
defined content, the information is then forwarded to the GenAl
system which adds the ability to communicate with the user in a
variety of formats and can be trained with the instructions on
how the bot should respond to the prompt.

Current Approaches to Al Supported Teaching and
Learning

There are already a number of examples of GenAl supported
teaching and learning tools offered by publishers and
commercial entities."*”'® Currently many are aimed at the K-
12 system, but those that are being introduced for higher
education tend to be focused on rather traditional curricula, the
development of skills, and the learning of facts.">'° For example,
instructors can upload lecture slides and an Al system can
generate multiple choice questions from those slides,'® and
NotebookLM'” can organize and synthesize large amounts of
study materials. However, using GenAl to teach and support
students doing the same old tasks seems like a missed
opportunity. Certainly, students need skills and facts, but
these should be learned in service of something more
meaningful. For example, learning to draw structures should
not be an end goal, but rather a means to learning how to use
such structures to predict properties and reactivity. ' If we use
the powerful affordances of GenAl merely to generate multiple
choice questions that further contribute to the fragmentation of
students’ knowledge,”® we would not only waste resources, but it
also implies a tragic lack of vision.

Is There a Better Way?

The famous (or infamous) motto of Silicon Valley is “move fast
and break things”,”" which may be appropriate when developing
software, but when we are dealing with the education of human
beings, is problematic. We have very little information about
how students interact with AI chatbots, but we do know that a
good proportion (but certainly not all) of our students are
already taking advantage of the affordances of Al-based systems
to support their work. It makes sense that we as instructors and
curriculum developers should also take advantage of those
affordances, and seriously consider what we want to emphasize
and reinforce in our teaching and learning efforts. It will also be
important to ensure that the use of such systems is available to
all, which means that institutions and instructors will need to
intentionally incorporate GenAl access and use into instruction.
Continuing with business as usual is neither realistic nor
appropriate: students will have the support of Al systems to learn
content and skills, but how will we know whether it is the GenAl
system or the student who is learning if we use these same skills
and knowledge that they gleaned from Al systems, to assess the
student? We propose that a better way to use these tools is to
help us design and implement learning experiences that allow
students to use their knowledge (rather than just know it). That
is, GenAlI can help us go beyond the traditional approaches to
teaching science to support student sensemaking and reasoning,
rather than determining the molecular shape of such esoteric
entities as IF.
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Three-Dimensional Learning

In our work we have emphasized three-dimensional learning
(3DL), a vision first articulated in the National Academies
consensus report A Framework for K-12 Science Education.””
This approach involves connecting content to disciplinary core
ideas (DCIs) by engaging with scientific and engineering
practices (SEPs), and crosscutting concepts (CCCs) to
investigate, make sense of, and explain scientific phenomena.
Curricula designed using this approach””** have been shown to
be more equitable that traditional curricula,”® and to improve
student performance across a wide range of activities including
determining structure property relationships,26 mechanistic
reasoning,2 30 predicting intermolecular forces,*! and drawing
organic mechanisms.”” One challenge to the uptake of such
transformations is the need for students to construct
explanations and arguments for themselves. Although asking
deep explanatory questions is one of the few pedagogical
approaches for which there is a strong evidence base®” (that is
multiple studies across many institutions), such tasks are often
omitted because of the practical difficulties of grading and
providing feedback, especially for large numbers of students.
Given the wealth of evidence that supports the approach, it
makes sense that we investigate the affordances of generative Al
systems to support students in their construction of explanations
and to support faculty in the development and assessment of
student responses to such activities. In this paper we present a
potential approach to such activities.

B RAG CHATBOT DEVELOPMENT

Here we present examples of chatbots that could be used both to
support student reasoning, and to assess it; these include bots
that can: la) analyze, code or grade inputs such as student
responses to open-ended questions, 1b) aggregate student
responses to provide the instructor with a snapshot of student
reasoning; 2) generate complex activities and assessments that
meet the instructors’ learning goals; and 3) serve as a tutor or
teacher providing feedback and support, while also making
suggestions and asking questions that help students connect and
construct more complete responses.

The resources for constructing a RAG chatbot are readily
available from GitHub.”* Their use, however, typically involves
coding and use of the API from openAI's ChatGPT itself, all of
which requires some technical expertise. For many (including
us) this is not a realistic option. In our work we have used the
commercial CustomGPT system,'” which requires no program-
ming and has been found in comparison tests to provide
appropriate responses more consistently than OpenAlI’s custom
bot.*> No doubt such systems’ availability and capabilities will
change dramatically over the next few years (or even months);
however, we believe that the information we can glean about
how to design such bots and interpret the data that emerge can
guide future efforts.

In this section we outline the nontechnical steps needed to
develop such a bot, and in subsequent sections provide examples
of specific bots for a range of purposes.

e Step 1: Provide the RAG system with the content it will
use to construct answers to queries. In our work on
chemistry focused bots we have typically used our open-
source texts: Chemistry, Life the Universe, and Everz-
thing (CLUE)*® and its organic counterpart (OCLUE),””
along with various of our publications relating to aspects
of the bot’s purpose (for example, a bot designed to code

student responses would be provided with the relevant
research paper and coding scheme, or for grading a
grading key would be used)

e Step 2: Choose the LLM that will serve as the underlying
model. CustomChatGPT currently provides the choice
between ChatGPT 4.0 or 40 and Claude 3.0 and 3.5, but
other RAG systems may use other LLMs such as Gemini,
or Llama, or “home grown” models.

e Step 3: Design the persona. This is the set of instructions,
written in plain English (or most any language) that tells
the bot what to do and what not to do. Typically, the
instructions consist of:

(1) An overview or narrative outlining the purpose of
the bot (Socratic tutor, data coder, etc.),

(2) The personality of the bot (friendly, supportive,
solemn, funny, etc.),

(3) Explicit instructions about what to do (e.g., support
the student with leading questions and prompts, or
code responses according to given criteria)

(4) Explicit instructions about what not to do (e.g., do
not tell students the answer directly, do not answer
the question if you are intended to code the
response)

(5) Other instructions e.g. output the response in a
table or keep responses short and to the point. In

our experience chatbots tend to be verbose!"'
o Step 4. Test the bot and iterate until the types of responses

required are consistently provided.

B EXAMPLE CHATBOT DESIGNS

Here we present two ways of using RAG Al bots: The first
general use is to support instructors, and the second is to support
students. These two approaches can be staged very differently, in
that some of the instructor support uses can be implemented
almost immediately, because they will involve only the instructor
interacting with the bot. The instructor can make direct queries,
for example by asking the bot to generate formative tasks as in
Example 3, or can upload student responses in tabular format, as
in examples la, and b. However, as we move into the more
student focused applications, for example as an individual tutor,
or to grade and provide feedback to individual students on
formative or summative assessments, the Al systems should be
integrated into a learning management system to ensure data
privacy and to connect individual student responses with
chatbot feedback and grading. This approach will be highly
institution dependent, and, in our opinion as we will discuss
below, will need much more research and testing before it is used
for student learning “in the wild”.

Bots to Code and/or Assess Student Learning

If we are to expand the use of student constructed explanations,
we need some way of analyzing and assessing them. Here we
provide two examples of bots that use well developed, previously
validated coding schemes. Both bots are trained with the CLUE
text’® and research papers that outline the coding schemes
developed by human researchers. We have found that these are
the simplest bots to design, since their task is relatively
straightforward (as opposed to engaging in conversation with
a human). Bots that are used to code student responses do not
require specialized staging: the instructor can upload the
responses in table format, and the instructor can receive the
codes in table format. In our experience, such coding bots appear
to be very stable, providing the same codes when presented with
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the same data sets, that are also in general agreement with
human coding.

Example: LDF Coder. We have extensive data collected over
many years for prompts that ask students to explain how London
Dispersion Forces (LDFs) arise,”””* including a study in which
we used machine learning tools (AACR) to analyze large
numbers of student responses. We should note that to obtain
reliable data with the AACR system it was necessary to human
code over 700 responses before an acceptable Kappa value (0.7)
was obtained.*® Using our chatbot, trained with the CLUE text>®
and published papers with codebooks””** — but no extra data,
we found over 90% agreement between human and bot when
analyzing a sample of 30 anonymous student responses.
Furthermore, the disagreements were typically edge cases, that
provided information about how to “tighten” the specifications
for the coding scheme. The bot coding was replicable, that is it
consistently arrived at the same code when recoding sets of data.

Box 1. LDF Coder Chatbot Persona and Sample Output

You are an intelligent research assistant who is helping
researchers characterize student responses to the prompt
“When two non-polar atoms or molecules approach each other,
explain why they are attracted to each other”. There are three
types of response: “Non-electrostatic (NE)”, “Electrostatic
causal (EC)”, and “Causal mechanistic (CM)”. Your task is to
analyze student input and assign a code (NE, EC or CM) to the
response. Do not add any further commentary.
Special Instruction:

e Use a tabular format to present your analysis, with
columns for each idea and rows for each student
response.

e Include a summary of the frequency of each idea’s
occurrence across all responses.

Sample Output

ISTUDENT

ID INPUT 1 CODE

0100 They start out separate then the electrons of one helium atom attracts the nucleus of the
lother. They get closer and eventually overlap.
When the distance between the atoms decreases the nucleus of one atom attracts the
0200 [clectrons of the other atom, meaning that electrostatic forces are getting stronger leading to
potential energy lowering. When the atoms get much closer the repulsion between the nuclei
lof the atoms get much stronger and there is an increase in PE.

EC

EC

In the boxes I am drawing a dipole happening in one atom, causing an induced dipole in
0300 [another atom which will in turn cause an attraction between the two atoms and bring them CcM
lcloser together.

The polarization and attraction of a helium atom by a dipole. The close approach of the
Ipositive side of the dipole attracts the electron cloud toward it. This makes the helium atom
lelectrically lopsided and equivalent to the dipole shown below it. There is then a net force of
jattraction between this induced dipole and the permanent dipole.

0400 CM

Example: Acid—Base Coder. Just as with the LDF prompt,
we have extensive longitudinal data for a prompt about acid base
reactions,”””” “Explain both what is happening on the molecular
level when HCl reacts with H,O to give CI” and H;O+, and why this
is happening”. The coder was trained with the CLUE text’® and
the published paper that includes the codebook for this
prompt,”® but no extra coded data. Again, we found that the
code assigned by the bot was in agreement with (prior) human
coding over 90% of the time, despite the fact that there were
twice as many potential codes for student responses. In this
version the bot also gives the rationale for its coding of
responses, which provided insight into potential differences
between human and bot coding. An example of coded data and
explanations for differences are provided in Supporting
Information S1.

Bots that are designed to assign codes to student responses
based on a well-defined coding scheme obviously have a place in
educational research. In our research group we are using bots to

Box 2. Acid—Base Coder Chatbot Persona and Sample
Output

“You are an intelligent research assistant who is helping
researchers characterize student responses to the prompt
“Explain both what is happening on the molecular level when
HCl reacts with H2O to give Cl— and H30+, and why this is
happening”.

Role and Goal:

e Your primary role is to assist researchers by categorizing
student responses to the prompt regarding the molecular
interaction between HCI and H20.

® Your goal is to assign one of the following codes to each
response: No Response (NR), Non-Normative (NN),
General Descriptive (GD), Bronsted Descriptive (BD),
Bronsted Causal (BC), Lewis Mechanistic (LM), or
Lewis Causal Mechanistic (LCM).

Constraints:

e Do not provide any commentary or feedback on the
responses.

e Assign only one code per response, even if the response
contains elements that could fit into multiple categories.

e Do not correct or critique the student responses.

Clarification:

e If a response is ambiguous or unclear, do not ask for
clarification. Assign the most appropriate code based on
the information provided.

Personalization:

e Maintain a neutral and objective tone when categorizing
responses.

e DPersonalize your analysis by being attentive to the
specific details provided in each student’s response.

Special Instructions:

e Use a tabular format to present your analysis, with
columns for the code and rows for your explanation.

e Include a summary of the frequency of each code’s
occurrence across all responses

Sample Output
ID | CODE | REASON

101 [ LCM | The response provides a detailed mechanistic explanation using Lewis theory (electron pair
donation from H20 to HCI) and explains the reasons behind the process (electronegativity
and partial charges leading to attraction and bond formation).

102 [ NN The explanation is incorrect as it misidentifies chlorine as more electronegative than oxygen
in the context of acting as an acid, which does not align with the correct understanding of

the acid-base reaction described.

103 [ LCM | This response correctly identifies the reaction as a Lewis acid-base interaction, provides a
mechanistic explanation involving electron pair donation, and explains why this happens
(attraction leading to bond formation and electron pair transfer).

104 | BC | The response explains the reaction using Bronsted theory (proton donation and acceptance)
and provides a causal explanation for why the reaction occurs (attraction between H+ and O
leading to bond formation).

105 [ LCM | The explanation includes a mechanistic description using Lewis theory (movement of
electrons) and a causal explanation for the process (polarity and partial charges leading to
attraction and bond formation).

provide interrater reliability (IRR) for new coding schemes.
Once the codebook is well described (by a human) and good
IRR can be achieved with humans, the bot can code thousands of
responses as necessary. This also clearly has implications for
grading open-ended responses on exams and formative
assessments. However, before we unleash this type of system
on students, it behooves us to understand how students will
respond (discussed further in the implications section).
Example: Cumulative Feedback for Instructor

While these systems have great potential for grading and coding
student learning, they can also be used by instructors to get
meaningful feedback about how students are thinking by using
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aggregated sets of responses from open-ended tasks. On the
student facing part of the bot, students might get supportive
feedback (discussed in the next section), whereas on the
instructor facing part, a summary of student performance can be
obtained rapidly. For example, a bot has been designed to
provide a summary of student responses to open-ended
questions (the persona is shown in Box 3). In response to the

Box 3. Bot to summarize a group of student responses
persona and sample output

You are a chatbot whose purpose is to analyze and evaluate in a
concise manner student answers to determine whether the
answers include mechanistic thinking, using and linking
necessary concepts and whether these concepts are applied
appropriately. The consumer of your output is the instructor.

Role and Goal: Your goal is to provide cumulative feedback
to the instructor on the answers students generate, whether
their answers display mechanistic reasoning, and whether they
are accurately using key concepts. When analyzing student
answers, provide the percentage of students who use each
appropriate idea, and what missing or misused concepts are
prevalent.

Constraints: Keep your responses concise, aiming for one to
two paragraphs.

Guidelines: In your analysis of student answers, (i)
determine the presence of key concepts and the accuracy of|
their application, and (ii) whether the student’s answer shows
mechanistic reasoning. For incorrect or incomplete answers,
identify necessary but missing or misapplied concepts.

Clarification: Ask for clarification if the student’s answer is
ambiguous or lacks sufficient detail to analyze effectively.

Personalization: Your primary function is as an objective
and helpful analyst to help the teacher understand how students
are doing in this course

Sample Output

Summary of Findings:Mechanistic Reasoning: Approx-
imately 60% of students demonstrated mechanistic reasoning
by identifying both endothermic and exothermic steps in the
dissolution process.

Key Concepts:Hydrogen Bonds: 50% of students men-
tioned hydrogen bonds, but only 30% accurately discussed their
role in energy changes.

Energy Measurement: 40% of students correctly identified
the need for empirical measurement to determine the net
thermal energy change.

Incomplete or Incorrect Concepts: 30% of students
provided incomplete or incorrect explanations, often focusing
solely on bond formation or lacking detail.

Recommendations for Instruction

Emphasize the importance of considering both bond
breaking and bond forming steps in energy change discussions.

Provide more detailed examples and practice problems
involving the calculation of energy changes in dissolution
processes.

Reinforce the need for empirical measurement to determine
net energy changes, highlighting the limitations of theoretical
predictions without specific data.

answers to the prompt “Why do you think there is an overall
thermal energy change for the process of dissolving methanol in
water?”, the bot produced the text shown in the Box 3 sample.

We have shown that this approach®® can also be used with
multiple choice questions, by asking students why each answer is
right or wrong, and a similar chatbot analyzer can provide similar
output and a synopsis of appropriate and inappropriate
responses, and the associated student reasoning. In this way
instructors could be freed from the restrictions of rigid testing
systems. Students can be asked to construct their own responses
and instructors can almost immediately gather a synopsis of
these written efforts and adjust their instruction accordingly.
While automating such a system will take time and institutional
resources, it is already possible for individual instructors to
upload a table of student responses (perhaps exported from a
homework system) and receive the summary in seconds.

Task Developers

Example: 3D Task Developer. Certainly Al bots can
generate multiple choice questions,'® but as previously noted
such questions may not align with the instructional goals of the
course. Boxes 4a—4c show the persona and response for a bot

Box 4a. 3D Task Generator

Persona:

You are an instructor for the CLUE curriculum and need to
design tasks that are three-dimensional (3D) to be used on
homework, as in class activities, or on exams. These tasks should
elicit student thinking about a chemistry core idea, a scientific
practice, and a crosscutting concept within the same task. There
are many examples of such questions for you to refer to.

Role and Goal:

e Role: Instructor for the CLUE curriculum.

e Goal: Design 3D tasks that elicit student thinking about a
chemistry core idea, a scientific practice, and a cross-
cutting concept.

Constraints:

e Do not design tasks that would not elicit 3D thinking.
e Do not design tasks that are not aligned with the CLUE
Curriculum.

Guidelines:

e Ensure tasks are appropriate, related, and challenging
enough for the student’s educational grade level.

e Tasks must directly relate to the provided materials for
the CLUE curriculum, ensuring relevance and targeted
learning.

e Follow provided materials strictly.

Clarification:

o Askfor clarification if the provided materials are not clear
or if additional context is needed.

Personalization:

e Tailor tasks to be engaging and thought-provoking,
encouraging deep understanding and application of
chemistry concepts.

Special Instructions:

e Always follow the provided materials for the CLUE
curriculum.

o Ensure tasks integrate a chemistry core idea, a scientific
practice, and a crosscutting concept.
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Box 4b. Impact of Hydrogen Bonding on Lake Wildlife
Task Example

Input request: “Please generate a 3D task that involves
students thinking about the impact of hydrogen bonding on the
wildlife in a body of lake water”

Output: Certainly! Here is a 3D task designed to elicit
student thinking about the impact of hydrogen bonding on the
wildlife in a body of lake water, integrating a chemistry core
idea, a scientific practice, and a crosscutting concept:

Task: Impact of Hydrogen Bonding on Lake Wildlife

Core Idea: Electrostatic Bonding and Interactions

e Concept: Hydrogen bonding interactions between water
molecules and their impact on the physical properties of
water.

Scientific Practice: Developing and Using Models

e Activity: Constructing and interpreting models to
explain the phenomenon.

Crosscutting Concept: Cause and Effect: Mechanism and
Explanation

e Focus: Understanding how hydrogen bonding affects the
temperature stability of lake water and its subsequent
impact on wildlife.

Task Description:

1. Phenomenon:

o During winter, the surface of a lake freezes, but the
water beneath remains liquid, providing a habitat
for aquatic life.

2. Model Representation:

e DProvide students with a molecular-level model
showing hydrogen bonding interactions between
water molecules in both liquid and solid states.

3. Questions:

e Identify and Explain:

o Identify the types of attractive forces shown
in the model between water molecules.

e Explain how hydrogen bonding interactions
contribute to the unique properties of water,
such as its high specific heat capacity and the
fact that ice floats on liquid water.

e Prediction and Reasoning:

e Predict how the presence of hydrogen
bonds affects the temperature stability of]
the lake water during seasonal changes.

e Provide reasoning for how this temperature
stability impacts the survival of aquatic
wildlife during winter.

e Cause and Effect Analysis

e Describe the cause (hydrogen bonding
interactions) and the effect (temperature
stability of lake water).

e Explain the mechanism linking the cause
and effect, focusing on how the energy
required to break hydrogen bonds influen-
ces the thermal properties of water and the
habitat conditions for wildlife.

designed to develop 3DL tasks, which typically are more difficult
to construct. However, if we expect students to become
proficient at such tasks, they need plenty of practice.

Box 4c. Evidence Statements for Impact of Hydrogen
Bonding on Lake Wildlife Task

1. Attractive Forces:

e The attractive forces within water molecules are
covalent bonds, while the forces between water
molecules are hydrogen bonds.

2 Hydrogen Bonding Impact:

e Hydrogen bonds are weaker than covalent bonds
but significantly influence the physical properties
of water, such as its high specific heat capacity and
lower density in the solid state.

3 Temperature Stability:

e The high specific heat capacity of water due to
hydrogen bonding helps maintain a stable temper-
ature in the lake, providing a consistent environ-
ment for aquatic life.

4 Winter Survival:

e The formation of ice on the surface, which is less
dense than liquid water, insulates the water below,
allowing aquatic organisms to survive in liquid
water even in freezing temperatures.

This task integrates the core idea of electrostatic bonding and
interactions, the scientific practice of developing and using
models, and the crosscutting concept of cause and effect,
providing a comprehensive 3D learning experience.

3. CHATBOTS AS TUTORS

There are a number of examples of tutors being developed by
publishers and online providers; but potential drawbacks
include 1) the problem of hallucination, 2) they may draw
from inappropriate materials that are either too simple or too
advanced for the student or 3) may simply provide incorrect
answers. Additionally, many of these bots seem to focus on very
traditional tasks, that do not involve scientific practices or the
use of knowledge."> RAG chatbots offer a way to use GenAl
tools to help students construct, connect, and apply their
knowledge, so as to support student’ reasoning in sophisticated
ways about phenomena, rather than concentrating on facts, skills
and algorithmic problem solving.

The easy-to-use RAG GenAl tools mean that instructors can
design custom bots to support the approaches to learning that
they value. For example, the usefulness of a bot that merely
provides the correct response as feedback for a student is
debatable, since it tends to offload the intellectual work onto a
bot and removes the effort that learning requires. There is always
a danger of generating the “illusion of understanding”*” rather
than the real thing. It is also worth noting that rather than using
feedback to reflect upon and revise their answers most feedback
appears to go unread and unused by students.”"** So although
feedback is often described as an important and integral
component to good teaching,” the way that feedback is given
and used, and the purpose that the feedback serves can have
profound effects on learning.”* Feedback that engages students
in reflection, and that requires a response from the student has
been shown to be far more effective than simply writing
comments on student work."'

To avoid circumventing the learning process, a better
approach is to design Socratic tutors that have the capability
to support students with questions and prompts designed to
engage the student in a conversation on the topic and so to
promote student self-reflection and understanding, to help them
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make connections among the ideas they are using and ultimately
support sensemaking about phenomena involving mechanistic
reasoning. The persona for such a bot and a sample response are
shown in Box Sa and Sb. This type of bot provides encouraging

Box Sa. General Socratic Tutor Persona

You are a tutor for general chemistry students. You use the
Socratic method to help students with the goal of encouraging
critical and mechanistic thinking and self-confidence based on
accurate understanding of key facts and concepts. When a
student answers a question correctly, you congratulate them.
When they appear mistaken, you make one or two suggestions
that they can consider and perhaps a follow-up question.

Constraints: While you do not provide direct answers to
questions, you can suggest readings and other resources that
students can consult to learn more about misunderstood
concepts or topics. You maintain a consistently friendly,
informal, engaging, and encouraging tone.

Guidelines: Engage users with questions that prompt them
to think deeply about the subject matter. Confirm when users
are on the right track and offer ideas or facts to aid their
reasoning process.

Clarification: You may ask for clarification to ensure you
understand the user’s answer or a specific question but always
steer the conversation back to helping them find the answer
themselves.

Personalization: Your responses should be tailored to the
user’s inquiries providing a personalized and thoughtful
Socratic dialogue.

Special Instructions: Keep responses short, one to two
paragraphs) to maintain clarity and focus in the conversation.

and reflective feedback of the type that has been shown to be
most effective.””~* The bot is endlessly patient, available at all
hours, and can respond in whatever language the student begins
the interaction, thus perhaps providing support for otherwise
marginalized students.

We note here that bots such as this, that interact with humans,
tend to give somewhat different responses each time a query is
submitted. This is a result of the nature of the LLM on which the
bot is based. LLMs are probabilistic models, and although the
content of the RAG chatbot is supplied by the designer, the ways
in which it responds each time tends to be different. We have
provided a sample of the different types of responses that
emerged for the same prompt in the Supplemental S2. It is this
type of bot that will need extensive student testing before it is
released for general use in complex systems.

Other Chatbots

There are numerous types of chatbots in addition to the
examples shown here, and an excellent resource has been
provided by Mollick et.al.;** the examples provided may require
changes to be used in a chemistry education context. For
example, it is possible to engineer a persona that reverses the
tutorial role, that is the chatbot functions as a student and the
student “teaches” the bot about some topic. Such preprog-
rammed teachable agents*” have already been shown to result in
increased learning, and there exciting possibilities for the future
in this area. We also note that there is no discussion here of other
modes of input (for example drawing or speaking). These types
of systems are rapidly emerging, but as yet we have no
experience with them.

Box Sb. Sample Response

Student: why does increasing the temperature increase the rate
of reaction?

CLUEDbot: That is a great question! Let us think about what
happens when we increase the temperature. Can you recall how
temperature affects the kinetic energy of molecules? And how
might this increased kinetic energy influence the frequency and
energy of collisions between reactant molecules?

Student: temperature and KE are directly related, So if i raise
the temp the energy of the molecules should increase. So
collisions between the molecules woudl have more energy?

CLUEbot: Yes, you are on the right track! When the
temperature increases, the kinetic energy of the molecules also
increases. This means the molecules move faster and collide
more frequently. Now, think about what happens when these
high-energy molecules collide. What might this mean for the
energy barrier that needs to be overcome for a reaction to
occur?

Student: Oh OK so more energetic collisions means more
likely to have enough energy to get over the barrier?

CLUEbot: Yes, you have got it! When the temperature
increases, the average kinetic energy of the molecules increases.
This means there are more molecules with higher kinetic
energy. These high-energy molecules are more likely to have
enough energy to overcome the activation energy barrier when
they collide. This increases the probability of a reaction
occurring. Now, can you think of how this might affect the rate
of a chemical reaction?

Student: Well it means that more molecules will react - so the
rate increases?

CLUEDbot: Exactly! You have got it. As the temperature rises,
the probability of productive collisions between particles per
unit time increases, thus increasing the reaction rate. This is
because more molecules have the necessary energy to overcome
the activation energy barrier. So, what do you think might
happen if we were to decrease the temperature?

Student: the rate would decrease?

CLUEDbot: That is correct! If the temperature decreases, the
kinetic energy of the molecules also decreases. This means the
molecules move slower and collide less frequently and with less
energy. Therefore, fewer molecules have the necessary energy
to overcome the activation energy barrier, which decreases the
rate of the reaction. Well done!

B SUMMARY

Artificial Intelligence in the form of LLM-based chatbots is not
going away. We do not know what will happen in the future (or
even the next six months), but we believe that there is enough
information for us to begin to plan what instruction and
assessment could, and perhaps should look like in the future. In
this paper we have discussed the use of RAG chatbot systems
which can 1) alleviate the problems with hallucinations and
incorrect responses, and 2) open the possibilities of GenAl
systems for those of us who lack the technical know-how to
harness and train GenAl models for specific purposes. They
allow us to use our expertise in chemistry, chemistry teaching
and student learning, to design and implement GenAl tutors,
coders and feedback systems without the high activation energy
barrier often associated with new technologies. Although it is
possible that many of the examples provided here could be
accomplished with trained GenAlI systems such as ChatGPT 4o,
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the nuances and technical specifications of the responses may
not align well with the instructional goals for the course, because
such bots are not specifically constructed from materials that
reflect those goals. This is especially true for learning approaches
that emphasize use of knowledge, such as 3DL* or POGIL.”
Additionally, queries may well result in material returned at an
inappropriate level (too advanced or too simple) for students in
a course or it may introduce unproductive ideas. In our case we
are particularly interested in supporting mechanistic thinking in
students.’””" Bots that are not explicitly trained and constrained
to provide such support may well omit the need of such
reasoning.

B IMPLICATIONS

Implications for Instructors

As noted earlier, the use of these chatbots can be divided into
two main categories: those that involve instructor-bot
interactions, and those that involve student-bot interactions.
We recommend that instructors who are interested in designing
and using such bots begin with the instructor-bot systems. This
approach can be begun immediately and will help users develop
an understanding of the capabilities (and possible limitations) of
such systems to support more complex learning activities, (for
example by uploading aggregate responses to see what kinds of
reasoning students are using to respond to a prompt). This
should provide instructors with information to use in
conversations with institutions about how AI should be
implemented on their campus. If instructor designed RAG
chatbots are integrated into campus systems we will soon be able
to accurately and reliably score both formative and summative
assessments, which has enormous implications for the ways that
we assess students. Currently (particularly in large enrolment
courses) multiple choice is the only pragmatic approach to
administering summative assessments. For example, for the two
or three open-ended questions on our general chemistry exams,
where students must construct models, arguments or explan-
ations, grading requires a whole day and about 40 people.

In our teaching and research we also use the formative
assessment homework system beSocratic to have students
construct open-ended responses to 3D questions,”” but are
currently unable to give individual feedback or support to
students. We have a working prototype of the beSocratic system
that will allow students to call up a Socratic Chatbot to provide
help with complex responses. In the near future, we can ask
students to construct models, arguments and explanations,
analyze and interpret data, and communicate their responses
and see immediate feedback for both instructor and students.
These approaches to assessments mean that our approaches to
instruction will also change. No longer will we need to focus on
fragmentary ideas and isolated skills. We can design and
implement assessments that require students to integrate their
knowledge and use it in new situations.

Ideally, as we move forward, our communities should develop
open education repositories of chatbot designs that instructors
(and researchers) can use to support the types of teaching and
learning that each community values.

Implications for Researchers

We are already using such chatbots to code large numbers of
student responses in several different research projects. In our
work focused on the design and implementation of formative
assessments, the role of the researcher shifts from tedious coding
of numerous responses to richer more intellectually stimulating

work, such as task design, code scheme development, and
further elucidation of “edge” cases. The ability to obtain rapid
reliable coding of large numbers of open-ended responses will
mean that the researcher can implement design-based changes
more quickly and see the impact of their work.

B A CAVEAT

It seems clear that GenAl systems will take their place in both
research and teaching in education, yet we know almost nothing
about what their impact will be. A recent survey”” indicated that
a minority of institutions have offered training in how to use
GenAl, yet most faculty are being urged to incorporate them in
their teaching. Microsoft’s “co-pilot” is promoted as a “valuable
tool-- to save time creating rubrics, personalized content for
students, and educational materials such as quizzes and lesson
plans” despite the fact that there is no evidence that such
affordances will improve learning outcomes. Indeed, it is
unlikely that such copilots will promote the kinds of deeper,
transferable learning we are suggesting, and by experimenting
now with RAG bots and other systems, faculty may be able to
provide more informed feedback as these decisions are made.

Although the excitement and interest around the uses of
generative Al are genuine, in fact we do not have a great deal of
information about just how students will interact with chatbots.
It is important to introduce such systems judiciously, and study
them thoroughly. Unfortunately, it is too late for the first GenAl
systems that have been rushed out and are already in wide use (at
least by students). We need to exercise care and thought about
just what is it we want our students to know and to be able to do
in the future, and then intentionally design such systems. On the
other hand, we do not want to end up with a situation where we
use Al systems to generate complex meaningful tasks, students
then use those systems to supply answers, which are then auto
graded, bypassing learning completely. There is a real and urgent
need for research on a systemic approach to the implementation
of GenAl, while at the same time we are assembling the aircraft
as we fly it.
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