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ABSTRACT
The benefits of explanations and feedback on learning are
well established. However, delivering effective feedback at
scale remains a substantial challenge due to various logistical
and cost-related constraints. This paper reports on my ran-
domized controlled trials (RCTs) evaluating the effective-
ness of AI-generated content for middle school mathemat-
ics. My first studies include RCTs comparing AI-generated
explanations and feedback with business-as-usual (no sup-
port), as well as AI-generated content with teacher-written
content. Both used a similar pipeline to generate feedback,
going through an iterative prompt engineering process with
experienced educators, followed by LLM-as-a-judge and a
limited human review. One RCT found that students re-
ceiving AI-generated feedback were 16% more likely to cor-
rect their current answer and 7% more likely to succeed
on the subsequent problem. I then moved to live content
generation, with LLMs providing feedback to short-answer
math problems. I used a cross-over design to find the im-
pact of using GPT-4o to provide short, long, or affective
feedback, and also analyzed a model fine-tuned on teacher-
written feedback. I found affective feedback was the only
feedback that was consistently helpful in both the short-
and medium-term transfer learning for students. This in-
forms my future research, aiming to generate and cache var-
ious styles of content using LLMs, then personalize it to
students’ learning characteristics. My future work builds
on this by aiming to personalize the style, length, and tone
of feedback to students at scale based on both student and
misconceptions features at scale, which no prior work has
managed to achieve.
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1. INTRODUCTION

Large Language Models (LLMs) are increasingly deployed
in educational contexts for tasks such as chatbots [21], feed-
back generation [24], and question generation [13]. How-
ever, equally important to creating these systems is evaluat-
ing their effectiveness and fairness. LLM-generated content
needs to be grounded in pedagogy and delivered effectively,
otherwise it risks decreasing critical thinking by removing
the opportunity for productive struggle [4]. However, if im-
plemented effectively, it can personalize content such as on-
demand support, feedback, and more.

Given the risks and potential of LLMs, my focus has been
on using established pedagogical techniques and advanced
prompt engineering to generate content at scale before em-
pirically demonstrating the effectiveness. Working with the
ASSISTments platform [8], I have conducted RCTs using
AI-generated content with tens of thousands of students
in grades 6-8, Illustrative Math. Using techniques such as
RAG [12], few-shot prompt [2], LLM-as-a-judge [27], and
chain-of-thought [22], I have generated on-demand supports
to aid students, which had previously been an expensive and
time-consuming effort requiring the recruitment of teachers,
who themselves are limited in time. This has informed my
research into how LLMs can be used to scale content in digi-
tal learning platforms (DLPs) at an affordable and unprece-
dented rate. I am now working to generate various styles of
content, which, with the correct bandits algorithm, aims to
provide personalized content on a new level.

My works so far has scaled on-demand explanations and
feedback. Explanations are a form of instructional support
that provides all the steps necessary to walk through a solu-
tion to a problem, often presented as step-by-step solutions.
They are well-established as effective tools for student learn-
ing [20, 17]. Notably, explanations are more effective for
students with less expertise than their higher-skilled peers
as described by the ”expertise reversal effect” [9]. One major
theory for why explanations are helpful for all students, but
particularly helpful for low-performing students, is cognitive
load theory [18], which posits that explanations reduce the
mental effort required to process information, thereby allow-
ing students to focus their cognitive resources on acquiring
and remembering mathematical knowledge.

The other content I’ve been working to generate, feedback,
is among the most effective instructional interventions docu-
mented in the learning sciences [6, 7]. Meta-analyses consis-
tently show that well-designed corrective feedback supports
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error detection, improves problem-solving strategies, and
promotes self-regulation, particularly for lower-achieving stu-
dents [23, 10]. Despite this evidence, delivering person-
alized feedback at scale remains a persistent challenge in
digital learning platforms (DLPs). Prior approaches using
crowdsourcing have shown promise but suffer from qual-
ity variability [15, 5]. Recent advances in large language
models (LLMs) present a new opportunity. LLMs can gen-
erate coherent, context-sensitive feedback at low marginal
cost. However, whether AI-generated feedback improves
learning outcomes over no feedback—and for which stu-
dents—remains an open empirical question with limited large-
scale evidence in authentic classroom settings.

This informs my three main research questions for my last
studies. Research Plan 1 investigates “Under what condi-
tions does feedback style moderate learning outcomes in
middle school mathematics?” This aims to analyze the im-
pact of various feedback styles inspired by Hattie & Tim-
perley [6] and which works best by looking at student char-
acteristics and classifying wrong answers. With sufficient
data, this will enable Research Plan 2, which asks “Can a
bandit or similar algorithm effectively personalize feedback
style for students in a live DLP, and what student features
are necessary to do so?” This investigates personalizing at
scale within ASSISTments, which requires understanding
students and constantly measuring learners’ characteristics
and updating latent student traits [19]. Lastly, moving to
a more dynamic setting, Research Plan 3 asks “Does per-
sonalized LLM-generated feedback on open-ended responses
improve learning outcomes compared to no feedback, and
does it do so sustainably over a full academic year?” Open-
ended problems are very important as they promote deeper
and more critical thinking, but scaling personalized feedback
for tens of thousands of students can be expensive.

2. PUBLISHED WORKS
During my PhD, I have published several works on my vari-
ous studies, aiming to generate and evaluate the effectiveness
of content. I have first-author submissions to both Learning
at Scale [25] and AIED [24] and an under-review submission
at Learning at Scale this year.

Studies 1 & 2: Scaling Static Explanations and Feedback [25,
26]. In these works, I have empirically evaluated the effec-
tiveness of LLM-generated explanations and static feedback
messages through RCTs in ASSISTments. For these RCTs,
I collaborated with former teachers, curriculum designers
at ASSISTments, as well as other PhD students within my
lab, to engineer effective prompts for explanations and feed-
back, before caching them in the ASSISTments database
and engineering the middleware needed to randomly select
the LLM-generated content, which was displayed to students
as shown in figures 1 and 2. These studies have been run
en vivo in ASSISTments by randomly selecting to deliver
nothing, LLM-generated content, or teacher-authored con-
tent, and comparing their effectiveness, with tens of thou-
sands of students. To analyze our results, I used multiple
mixed-effects linear and logistic regression models with vari-
ous outcome metrics. Our results were consistent across the
studies: LLM-generated content was better than nothing,
and there was no reliable difference between LLM-generated
content and teacher-authored content. Also consistent with

the expertise reversal effect, I found these supports were
more effective for lower-knowledge students. Given the in-
credibly cheap cost of scaling this content with LLMs (about
5 cents per content), I feel this confirms that LLMs can aid
students by scaling content without harming student perfor-
mance.

Study 3: Scaling Feedback Generation in a Live Setting [24].
While scaling static content is valuable as done in studies 1
& 2, providing dynamic feedback to short answers is equally
valuable. For study 3 I worked with ASSISTments to engi-
neer a student interface that could deliver feedback when
they submit short-answer responses to open-ended prob-
lems. Prior to our work, of the 50 million instances of stu-
dents submitting a short-answer, non-computer-gradeable
response in ASSISTments, only 1 million (2%) actually re-
ceived feedback, and often 2-3 days later. As such, I am
laying the groundwork for ASSISTments to provide short-
answer feedback at scale.

In this study, along with collaborators at WPI and the AS-
SISTments foundation, I recruited 11 teachers with a total
of 322 students, and employed a crossover design to evalu-
ate the effectiveness of LLM-generated feedback of various
styles, short feedback, long feedback, affective (self-level)
feedback, or feedback from a model which was fine-tuned
on teacher-written feedback in my prior work [1]. Our find-
ings suggested that only affective feedback was useful to stu-
dents in both the next-problem and medium transfer range,
whereas other feedback styles had minimal help, or harmed
student learning due to giving away excessive information
and removing the opportunity for productive struggle. This
was a surprising result, given that affective supports are gen-
erally thought to be ignored by students in DLPs. However,
it also inspires my future work on providing personalized
feedback to all students, so that students who benefit more
from a specific feedback style receive that personalized feed-
back.

3. ONGOING WORK
I intend for this to be the main component of my disserta-
tion. Having shown LLMs can generate effective content, I
aim to generate personalized content at scale. This involves
three studies, the first of which is an RCT aiming to ex-
plain when different styles of feedback are useful, and the
second, which aims to personalize in a live setting using a
bandit’s algorithm [16], and the last, which repeats this for
open-response questions.

Research Plan 1 & 2. This study, which has already started,
aims to build upon my prior work generating wrong answer
feedback for students with LLMs. I found LLM-generated
feedback was effective; however, inspired by Hattie & Tim-
perley’s styles of feedback [6], I have generated 6 styles of
feedback: Feedback; Feed-up; Feedback & Feed-up; Feed-
back & Self-regulation; Feedback, Feed-up & Self-regulation;
and Self-level feedback. These feedback styles differ in the
type of information provided, such as whether a small hint
is given, whether self-regulatory behavior is encouraged, or
whether the feedback is affective. The goal is to determine
which type of feedback works best, and answer “when?” and
“why?”.
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Figure 1: An example explanation with the report button and warning message.

Figure 2: An example feedback message as it appears in ASSISTments.

The “when?” refers to different types of wrong answers and
student characteristics. For instance, for the problem “A
bakery used 30% more sugar this month than last month.
The bakery used 560kg of sugar last month. How much did it
use this month?”, I hypothesize that the best style of feed-
back for a student who said “168” (forgot to add it to the
original amount) will be very different from the best type
of feedback for a student who said “590” (does not under-
stand percentages). For the student who answered “168”, I
hypothesize self-regulatory feedback, which emphasizes that
reading the problem carefully will best help the student,
whereas for the student who answered “590”, a combination
of feedback and feed-up will best guide them towards a bet-
ter understanding of percentages. The same can be true for
student characteristics. Reinforcement learning has shown
that incorperating student features into a bandit model can
improve learning outcomes, which I intend to do once I have
collected sufficient data [11].

As mentioned, my first research project comparing the styles
of feedback is currently running, however, I could use guid-
ance on the analysis plan. I hypothesize that the key to un-

derstanding which styles of feedback are helpful, and when,
is categorizing styles of misconceptions into different types.
Categories such as “forgot last step”, “conceptual misunder-
standing”, “procedural error” or more may reveal deeper in-
sights into when each style of feedback may be more or less
helpful. Determining which categories to include and how to
classify them is a challenge I am facing. However, there are
other approaches I have considered. Using Bayesian Knowl-
edge Tracing or a similar algorithm to classify a student’s
knowledge of various topics, or even their individual slip
rate, appears feasible based on prior research [14], which
could inform both analysis and bandits models, which is my
second project relating to this work. However, defining the
best methodological approach and analysis plan has been a
difficult task for me, and I would appreciate the insights of
experienced researchers in the field to improve and solidify
this methodology.

Research Plan 3. Building on my feedback research, my
other work involves generating dynamic feedback using LLMs
for open-response problems. These are problems that re-
quire students to type 1-3 sentences to answer a question,
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as opposed to fill-in problems, which require a number or
short expression. This makes caching feedback infeasible,
and before LLMs, attempts to scale feedback proved expen-
sive and difficult [3]. However, in a live, undefined setting,
I have more options for how I might generate feedback. I
may generate feedback, feed-up, self-regulation, and affec-
tive feedback as in Study 1. However, by being able to see,
rather than just infer, a student’s work, I can go beyond ba-
sic feedback. I may provide targeted interventions, such as
providing sentence starters or clarifying specific portions of
answers. I have worked with ASSISTments and we intend to
enable this feature for 50% of teachers beginning in the fall
of 2026 and lasting for the complete 2026-2027 school year.
This will include around 500 teachers with tens of thousands
of students in the study.

This work will include building on my prior work (Study
3)by opening new opportunities for longitudinal analysis.
This will analyze the effect of repeated interactions over the
course of the school year. I will analyze whether there are
diminishing returns, increased disengagement, or increased
unproductive behavior (such as gaming) as a result of adding
LLM-feedback to ASSISTments. Alternatively, I will be able
to investigate whether there is a cumulative advantage or
other sustained learning improvements for students who re-
ceive feedback on their open-ended questions. Last, I hope
to gather sufficient data to fine-tune a custom LLM to gen-
erate feedback for students in ASSISTments, as I have done
in prior work [1].

4. CONCLUSION
Personalizing feedback for students at scale remains a con-
sequential and open problem in educational data mining.
While the learning sciences have long established that feed-
back is among the most effective instructional interventions,
we have lacked both the tools to deliver it affordably at
scale and the empirical understanding of when different feed-
back styles are most effective. My completed work addresses
this using three large-scale RCTs across 250,000 observa-
tions and 50,000 students, which demonstrate that LLM-
generated content is effective and cost-effective. My remain-
ing work addresses a harder yet more impactful problem.
Categorizing student misconceptions is a prerequisite for un-
derstanding the causal structure of feedback effectiveness. If
we cannot distinguish a student who made a procedural slip
from one with a conceptual misunderstanding, we cannot
know which feedback style to deliver, nor why it worked
when it did. This represents a contribution to the EDM and
learning science community beyond ASSISTments: a frame-
work for misconception-aware feedback personalization that
can inform how any DLP reasons about learner state. Com-
bined with a bandit-based personalization system and lon-
gitudinal data from tens of thousands of students, this work
aims to produce a large-scale empirical study of personalized
feedback in middle school mathematics.
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