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Abstract. An advantage of Large Language Models (LLMs) is their
contextualization capability – providing different responses based on stu-
dent inputs like solution strategy or prior discussion, to potentially bet-
ter engage students than standard feedback. We present a design and
evaluation of a proof-of-concept LLM application to offer students dy-
namic and contextualized feedback. Specifically, we augment an Online
Programming Exercise bot for a college-level Cloud Computing course
with ChatGPT, which offers students contextualized reflection triggers
during a collaborative query optimization task in database design. We
demonstrate that LLMs can be used to generate highly situated reflection
triggers that incorporate details of the collaborative discussion happen-
ing in context. We discuss in depth the exploration of the design space
of the triggers and their correspondence with the learning objectives as
well as the impact on student learning in a pilot study with 34 students.

Keywords: Dynamic support for collaborative learning · Generative
Artificial Intelligence · Code Generation

1 Introduction

For nearly two decades intelligent conversational agents have been employed to
increase reflection and learning in Computer-Supported Collaborative Learning
(CSCL) settings [11, 18, 31, 25, 27]. This line of work has yielded principles for
the design of interactive collaborative scaffolding that increases learning impact
over static forms of scaffolding [33], which is prevalent in the field of CSCL. In
particular, the positive impact of situating reflection triggers in a specific con-
versational context has been established in earlier studies [2, 6]. Recent studies
[26] focusing specifically on Computer Science (CS) education suggest that col-
laboration support that shifts the focus of students more toward reflection and
less towards the actual coding increases conceptual learning without harming the
ability to write code in subsequent programming assignments. These past studies
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focused on manipulating the timing of the reflection triggers or the proportion of
time dedicated to reflection versus programming. Recent advances in Generative
AI (GenAI) and Large Language Models (LLMs) have enhanced AI capabilities
for the evaluation of multimodal student input and real-time feedback, which has
provoked intensive exploration of the space of application possibilities [13]. This
technology opens up more options for adapting the specific content of reflection
triggers from specific details of the students’ work and discussion in context.

So far, less attention has been given to applying principles for designing
effective dynamic support for CSCL using advances in GenAI. Most explorations
are geared towards individual programmers, such as programming assistance for
individual novice learners [12, 14, 24, 32, 15]. However, past success in developing
intelligent forms of effective scaffolding for collaborative learning suggests that
advances leading to the prevalence of these LLMs of code create a ripe area
for exploration. The focus of this paper is the application of GenAI to dynamic
support for reflection in learning through collaborative software development.

Our key contributions are outlined below:
– Technical contribution: Development of a novel prompt engineering approach

to elicit contextually appropriate suggestions of alternative code contribu-
tions from code LLMs as a dynamic form of reflection trigger.

– Learning resource development contribution: Enhancement of a platform for
online collaborative software development with dynamic support for reflec-
tion during software development.

– Learning research contribution: Testing the impact of LLM-constructed re-
flection triggers on student learning in an online collaborative SQL optimiza-
tion activity, along with a thorough analysis of their impact on learning.

2 Related Work

2.1 Generative AI in Education

Since its December 2022 launch, ChatGPT has emerged as a leading GenAI
technology [9, 3]. Its accessibility has sparked innovations and debates on its role
in education [7]. For students, its ability to process cross-domain knowledge is
appealing [30], while educators see potential in content creation [35], personal-
ized tutoring [29], as well as risks of enabling plagiarism [8] and dissemination
of biased information [28]. Mixed sentiments surround GenAI’s impact on aca-
demic integrity and the future of education [23]. Despite the potential risks,
some education technologists are more optimistic and view GenAI as a student-
centric technology for personalization and customized real-time feedback [7]. In
our work, we provide personalized real-time intervention for collaborative learn-
ing, in the form of reflection triggers using ChatGPT.

2.2 Intelligent Support for Collaboration

Providing technological support for collaborative and discussion-based learning
has long been the focus of CSCL [25]. Past studies highlight the benefits of in-
teractive and context-sensitive support in group learning [18, 17]. While static
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scaffolding like fixed prompts [33] and scripted roles [10] have been effective,
contextualized interventions within specific conversational contexts [2, 6] or per-
ceived roles of students [11] have also shown positive outcomes. Studies like [18,
17, 25] have shown the effectiveness of discussion-based learning and conversa-
tional support using dialog agents. Finally [26, 27] have shown the effectiveness
of reflection-based learning for programming, showing that shifting the focus
of students more towards reflection than actual coding can increase conceptual
learning without harming the ability to write code [26]. However, these studies
have not explored contextualized scaffolding based on multimodal input (like
code entered by students), which is now possible with LLMs like ChatGPT and
is the main focus of this work.

2.3 Intelligent Support for Programming in CS Education

In the realm of collaborative programming, most studies involve humans collab-
orating with intelligent agents in pair programming paradigms [21, 20]. Some
newer approaches take a more relaxed definition of pair programming as a
collaborative setting where a human programmer receives AI assistance, often
dubbed as pAIr programming [22]. Studies like [32, 12] focus on program syn-
thesizers, providing design recommendations to support novice programmers.
Kazemitabaar et. al. [14] analyzed the impact the Codex LLM assistance on
69 novice learners and found improvements in code authoring performance.
Yilmaz and Karaoglan Yilmaz [34] found a significant and positive impact of
ChatGPT programming assistance on the computational thinking, programming
self-efficacy, and motivation of undergraduate students. However, in all of these
studies, a sole human user pairs up with an AI agent, effectively making them in-
dividual learning scenarios. Our work tackles the more under-explored paradigm
of facilitating collaborative learning in mob programming, where 3 to 5 students
work on the same task while playing different roles [4], which is used more often
in CSCL for advanced CS topics [26, 27].

3 Learning Activity Design

Collaborative learning is most valuable for learning activities where there are
multiple possible solution paths, and selecting from among them is less about
finding the right answer than it is about evaluating complex sets of constraints
and trade-offs [5, 16]. Amid these activities, students benefit from exposure to
each other’s alternative points of view. Because CS is an engineering discipline,
it is ripe with opportunities for evaluation of design trade-offs, especially in
connection with advanced topics. We select a topic with important design trade-
offs and a paradigm for orchestrating the collaboration that encourages sharing
and challenging alternative perspectives.
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3.1 Learning Task: SQL Optimization

Especially when large amounts of data are involved, database design offers a
solution space with interesting trade-offs. We situate our investigation in the
SQL optimization task, which involves organizing and modifying the database
using techniques like datatype modification, index creation, and table joining
(denormalization) for a given scenario or query load, to minimize query cost
while satisfying a few constraints. The optimization centers around the follow-
ing rubric dimensions:
Data Retrieval Efficiency: how quickly and efficiently the database can re-
trieve data and execute queries, and how optimization techniques/design can
improve performance. It can benefit from techniques like denormalization and
indexing in certain cases.
Write Performance: how effectively the database can handle insert, update,
and delete operations, and how optimization techniques/design can affect per-
formance. It can be hurt from indexing and denormalization.
Disk Storage: how efficiently the database uses disk storage, and how opti-
mization techniques/design can reduce storage usage and improve performance.
Maintainability: how effectively the database design and optimization tech-
niques enable the database to be maintained and updated over time, and how
optimization techniques can simplify maintenance and prevent additional pro-
cessing or complexity for developers.

3.2 Knowledge Resources: Primers and Learning Objectives

The specific target learning objectives are enumerated in Table 1. We provide
students with three different primers to prepare them for the learning activity,
which is the application of the primers in a concrete task.
Denormalization & Normalization: This primer covers concepts of normal-
ization and denormalization, their benefits, and trade-offs. It also compares the
read & write costs for both strategies along the rubric dimensions.
Data Types in MySQL: This primer covers MySQL data types and their
trade-offs for comparisons like CHAR vs VARCHAR, INT vs CHAR and contexts
where each type is helpful.
Indexing: This primer covers the trade-offs of indexing in databases as well as
how they affect the performance of read and write operations. It also compares
single-column and composite indexing strategies along the rubric dimensions.

3.3 Collaborative Learning Paradigm: Mob Programming

To intensify the opportunity for reflection, we bring additional perspectives into
the discussion by adopting Mob Programming [4], where 3 to 5 students work
synchronously in different roles: navigator, driver and researcher. The driver
controls the keyboard and mouse, the navigator chooses what the driver works
on, and the researcher finds related knowledge requested by the driver.
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Table 1: The mapping of learning objectives (LOs) and primers.
Learning Objective (LO) Primer

L1: Comparing benefits of a single column or a composite index Indexing
L2: Discussing trade-offs of creating an index Indexing
L3: Discussing trade-offs of using single-column and multi-column
composite indexes in MySQL across various use cases. Indexing

L4: Evaluating and comparing the complexity of updating data
in normalized and denormalized tables. Denormalization

L5: Identifying use cases where denormalized or normalized
tables would be preferred. Denormalization

L6: Comparing the performance of queries when using
normalized vs. denormalized tables. Denormalization

L7: Evaluating different data types and determining the most
appropriate choice for a given table field. Data type

In our deployment, the activity includes three tasks, and role assignment
occurs at the onset of each such that the students cycle through all three roles.
All the tasks involve aspects of all three optimization strategies but task1, task2,
and task3 have a greater focus on datatype conversion, indexing (specifically
composite indexing), and denormalization (and trade-offs related to rates of
reads and writes of joined tables) respectively. The activity is orchestrated by an
Online Programming Exercise bot or OPE_Bot, which does several housekeeping
tasks like role assignment, hints, and asking reflection questions.

4 Method

We integrate our dynamic reflection triggers into a pre-existing cloud-based sys-
tem shown in figure 3. The activity session for a group is triggered according
to the schedule plan (schedule.json) by the Sail() platform [1]. The students
run their MySQL commands on a Kubernetes1 virtual machine via a modified
JupyterLab2 (JLab) front-end, containing a chat window on the side for each
group. We implement a mySQL LogScript to send the necessary context like
the SQL commands entered by the students to the OpenAI Reflection Genera-
tor which determines when to intervene and provide personalized reflections by
prompting ChatGPT with the appropriate context. We coordinate the activity
for each group with an instance of the OPE_bot which is based on the Bazaar
CSCL architecture[19]. When the students submit their solution, the assignment
auto-grader computes a final score and sends it to the Sail() platform.

To realize the OpenAI Reflection Generator, we design components that de-
termine when to intervene (reflection triggering), how to use the context like

1 https://kubernetes.io/
2 https://jupyterlab.readthedocs.io/en/stable/
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SQL commands to personalize the reflections (reflection personalization), vali-
date the correctness of the reflections (reflection validation), and decide when to
show them and how to space them apart (reflection scheduling). Each of these
components is discussed in detail in sections 4.1, 4.2, 4.3, and 4.4 respectively.

Fig. 1: An example of the COMPOSITE_IND_COL_ORDER reflection trigger along
with a student response, demonstrating that our interventions make students
think about the tradeoffs involved (underlined text) in the optimization.

4.1 Reflection Design and Triggering

To target the learning objectives from each of the primers we design five types
of reflection triggers, which are triggered by specific command patterns based
on regular expression-based matching as shown in table 2.

For the data type primer, we designed the DATATYPE_COMPARISON reflection
to be shown whenever students change the datatype of a column to facilitate the
discussion of their choice. For the indexing primer, we designed two reflection
triggers: the COMPOSITE_VS_MULTI_SINGLE reflection to encourage a comparison
between composite and single column indices whenever the students create a
single column index and the COMPOSITE_IND_COL_ORDER to facilitate discussion
around the optimal ordering of columns whenever the students create a compos-
ite index. For the denormalization primer, the DENORMALIZATION_WHEN reflection
encourages a discussion about the potential costs and benefits of denormaliza-
tion for queries with inner joins whenever students use such queries and the
TABLE_CHOICE_DENORMALIZATION reflection encourages a discussion about the
choice of tables to be joined based on the expected reads and writes for each
table, whenever the students create a denormalized table.

4.2 Reflection Personalization

To tailor the reflection triggers to the solution strategy of each group, we prompted
ChatGPT (gpt-3.5-turbo-instruct) with the appropriate context, constructed
from the SQL commands they entered to generate variations of the commands as
alternative solutions. For instance, for the COMPOSITE_IND_COL_ORDER reflection
trigger, we prompted ChatGPT to generate three alternative composite indices.
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Table 2: Five types of reflection triggers, the primers and learning objectives
they address, and the student activities that trigger each type of reflection.
Reflection Type Student Activity Trigger Primer LO

DATATYPE_COMPARISON ALTER TABLE <tab>MODIFY <col><datatype> Data type L7
COMPOSITE_VS_MULTI_SINGLE CREATE INDEX <ind>ON <tab>(<col>) Indexing L1, L3
COMPOSITE_IND_COL_ORDER CREATE INDEX <ind>ON <tab>(<col1>, ... <coln>) Indexing L2

DENORMALIZATION_WHEN
SELECT <col1>, ... <coln>FROM <tab1>INNER
JOIN1 <tab2>ON <condition1>. . . INNER JOINn

<tabn+1>ON <conditionn>
Denormalization L5, L6

TABLE_CHOICE_DENORMALIZATION

CREATE TABLE <tab>AS SELECT <col1>, . . .
<coln>FROM <tab1>INNER JOIN1 <tab2>ON
<condition1>. . . INNER JOINn<tabn+1>ON
<conditionn>

Denormalization L4

So if the team comes up with the following indexing strategy CREATE INDEX
dept_title_index ON em_dept_title (dept_name, title), then the following
alternatives are suggested by ChatGPT to explore different column selections:
CREATE INDEX dept_title_index ON em_dept_title (title, dept_name),
CREATE INDEX dept_title_index ON em_dept_title (emp_no, title), and
CREATE INDEX dept_title_index ON em_dept_title (title, emp_no).

4.3 Reflection Validation

We validate the SQL generated by the model by using an SQL syntax checker3

to ensure the generated alternatives are syntactically correct, along with simple
regular expression-based correction for some commonly occurring errors (e.g.
fixing incorrect joins). We implement static reflection triggers for each kind of
dynamic reflection as a fallback strategy for reflections with unfixable errors.

4.4 Reflection Scheduling

To ensure that the students have ample opportunity to discuss the reflection
triggers we try to space them apart by using a simple queue-based scheduling
algorithm (Algorithm 1). Our method tries to enforce a time interval τ between
consecutive reflections within a task.

To find the best value of τ to optimally space apart the reflections, we run
simulations with some historical data from an older iteration of the Cloud Com-
puting course. We compare different values of τ (figure 2) and find that while
there are only minor differences: τ ≥ 15s get almost the same performance.
Hence, we pick τ = 300s as a reasonable value. A possible reason for the similar
performance is that for some sessions there is no opportunity to clear the queue
till the last task (task3), and to avoid the possibility of the reflections getting
skipped we decided to forego the scheduling algorithm for task3.

3 https://pypi.org/project/sqlfluff/
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Algorithm 1 Queue-based Scheduling Algorithm.
1: procedure ReflectionSchedule(r, rt, Q, τ) ▷ r is the triggered reflection, rt is

the reflection type and Q is the waiting queue
2: if reflection of type rt /∈ Q then ▷ rt type reflection hasn’t been shown yet
3: if Head(Q) triggered > τ seconds ago then ▷ τ time elapsed from last

reflection
4: Show(p)
5: else
6: Push(r,Q) ▷ add reflection r to waiting queue
7: else
8: if Head(Q) triggered > τ seconds ago then
9: r′ ← Pop(Q) ▷ show last queued reflection

10: Show(r′)

11: return

Fig. 2: The effect of reflection scheduling parameter τ on the range of time in-
tervals ∆ between consecutive reflections. Each point of the x-axis denotes a
range of time intervals between consecutive reflections and the y-axis captures
the number of reflections spaced apart by time interval ∆ lying in that range.

5 Experimental Procedure and Study Design

We tested our intervention in a Cloud Computing course with 34 students who
were assigned before the study to semester-long project groups of 3 students.
To test the impact of tailored reflection triggers during problem-solving, the
groups were randomly assigned either to the experimental condition (in which
they received the context-sensitive reflection triggers, or a control condition, in
which they did not. In both conditions, to isolate the effect of the reflection
triggers, the Online Programming Exercise bot (OPE-bot) played the role of
a facilitator, providing the same task instructions, performing the same roles
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Fig. 3: The existing cloud infrastructure for the Online Programming Exercise
(OPE) along with our newly added components (highlighted in red) for gener-
ating dynamic and personalized reflection triggers with ChatGPT

assignment strategy at the onset of each subtask, and providing the same task-
relevant announcements at key times. Due to unexpected logistical issues, 22
students were assigned to the experimental condition while only 12 were assigned
to the control condition.

To facilitate information sharing within groups, all students received the
primers before the activity, with each student being assigned a specific primer
but having access to the others.

At the beginning of the activity, each student individually took the pre-test,
with 7 multi-part questions (27 points altogether) designed to test the individual
learning objectives as well as combinations of them. The groups then engaged
in the design activity for 80 minutes. Finally, the students individually took the
post-test, which was identical to the pre-test.

6 Results

We evaluated the benefit for learning of the activity and compared success be-
tween conditions along two dimensions: (a) Task Completion, and (b) Learn-
ing Gains. Overall, we see that the insertion of tailored reflection triggers af-
fected how students spent their time such that the completion rate per problem
changed, but did not change the total amount learned from participating.

6.1 Task Completion

Responding to reflection triggers took time, which had a negative impact on the
task completion rate at first, but then benefited task completion for the more
difficult portion of the activity that came later. Analysis of task completion rates
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shows that out of the 34 students, 31 (91.17%) completed task 1 (19 in the ex-
perimental condition and 12 in the control condition), 29 (85.29%) completed
task 2 (17 in the experimental condition and 12 in the control condition), and
20 (58.82%) completed task 3 (3 in the control condition and 17 in the experi-
mental condition). Based on a chi-squared test, the differences across tasks were
significant, but not over conditions. However, there was a significant interaction
between task and condition such that students in the control condition had a
higher task completion rate early, but the students in the experimental condition
had a higher task completion rate on the harder tasks at the end.

6.2 Learning Gains

We further analyze the pre and post-test scores and do a factor analysis of
the effect of the reflection triggers on learning, which demonstrates that the
difference in task completion did not have a significant effect on student learning.
The question here is whether and to what extent did students learn from the
activity. Pre and post-test distributions (figure 4 (a) and (b), respectively) show
a gain in the score as evident from the mean and median quiz scores.

We computed an ANOVA with the normalized score as the dependent vari-
able and with Phase (whether pre or post), Reflections, and Learning Objective
(LO) as independent variables and additional pairwise and three-way interac-
tion terms. Students learned significantly between pre and post-phases,
the effect is small because of a large amount of variability between students:
F (1, 929) = 1.3, p < 0.05, the effect size is 0.18σ. Furthermore, there was no
significant 2-way interaction between LO and Phase, showing that students
learned across all learning objectives. These results show that the OPE activity
is useful for learning and are in agreement with the “Hypothesis 1” in [26], which
had a similar OPE setup with reflection questions.

A question-level analysis reveals that Q7.2.3 (pre-quiz) and Q2, Q3, Q7.2.3,
and Q7.3.3 (post-quiz) have less than 50% correct response rate. Q2 deals with in-
dexing, while Q3 deals with denormalization. Q7.2.3 and Q7.3.3 are both yes/no
questions dealing with composite indexing and data types respectively. A possi-
ble reason for the poor performance on Q2 and Q3 might be because the options
are very long and hard to read, and the variation between them can be subtle.

Fig. 4: Distribution of (a, left) pre-test and (b, right) post-test scores

The next question is whether and to what extent students benefited specif-
ically from the tailored reflection triggers added in the experimental condition.
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Using the same ANOVA model, we tested the three-way interaction between LO,
Phase, and Reflections. There was no significant 3-way interaction between
LO, Phase, and Reflections, showing that the main effect of Phase did not de-
pend on condition or learning objective. However, students had higher pretest
scores in the test condition, which led to some spurious pairwise interactions.

To make a valid comparison across conditions, pretest scores were used as a
covariate. Additional analysis of the residual mean across the learning objectives
for each reflection trigger also did not demonstrate any significant effect. Thus,
students learned during the activity, but the results of this study do not demon-
strate a particular advantage yet for reflection triggers tailored using GenAI. We
speculate that the lack of statistical significance could be due to the limitations
outlined in section 7, with engagement being the primary concern.

Table 3: Normalized mean pre and post-test scores (standard deviation in brack-
ets) per topic/learning objective for the control and test groups. The results
reveal an important confounding factor for our analysis - much higher pre-test
scores for the test group which reduces possible gain.

Control Test

Pre Post Pre Post

Integrated 65.1 (44.3) 73.7 (41.1) 65.9 (44.2) 71.3 (41.8)
Trade-offs of creating index 41.7 (51.5) 45.5 (52.2) 50.0 (51.3) 63.2 (49.6)
Complexity normalized vs.
denormalized 16.7 (38.9) 63.6 (50.5) 30.0 (47.0) 42.1 (50.7)

Data types 77.1 (35.3) 77.2 (36.9) 80.3 (35.2) 83.6 (33.7)
Single vs composite 66.7 (49.2) 81.8 (40.5) 85.0 (36.6) 89.5 (31.5)
Performance normalized vs.
denormalized 33.3 (49.2) 27.3 (46.7) 80.0 (41.0) 68.4 (47.7)

7 Future Work

In this paper, we present the first evaluation of a technique for personalizing
reflection triggers using GenAI. From a technical perspective, the intervention
worked as designed, however, due to the null effect when evaluated in comparison
with the baseline collaboration support condition, we plan to explore several
improvements. We identified three major issues requiring improvement.
Engagement: While collecting feedback from students and teaching assistants
(TAs), we learned that sometimes the reflection triggers were confusing and
suboptimal. A comparison of the SQL command that set off the reflection triggers
with the alternatives within them, revealed that if the students have the optimal
solution, the alternatives by virtue of being different, are always suboptimal
for the optimization context of the task. To remedy this we plan to generate
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alternative scenarios from the original task scenario for which the alternatives
are more optimal to spark more meaningful discussion.
Prompting Context: Students and TAs gave the feedback that the reflection
triggers sometimes felt unrelated to the discussion they were having in the chat
window. To remedy this we plan to include elements from their chat messages
to further personalize the reflection triggers and ensure coherence by matching
them to the topic being discussed.
Readability: Another concern was the large size of the prompts for the chat
window, which made the messages hard to engage with. In future experiments,
we plan to break up the prompts into smaller readable chunks which are spaced
apart in time to improve readability.
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