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Abstract

This paper presents a comprehensive framework for generating personalized
feedback in STEM education using Large Language Models (LLMs). Current
STEM feedback mechanisms often lack personalization and timeliness,
limiting their effectiveness in addressing individual learning needs. The
proposed framework integrates domain-specific knowledge with advanced
LLM capabilities to deliver tailored, actionable feedback across various STEM
disciplines. Experimental implementation across multiple educational settings
demonstrates significant improvements in student performance metrics, with
effect sizes ranging from 0.58 to 0.82 across core STEM competencies. The
personalized LLM approach achieves 89.7% accuracy compared to 91.4% for
human instructors while reducing response time from 1,248 seconds to 12.3
seconds. Engagement metrics reveal substantial increases in time on task
(28.5% average increase), assignment completion rates (9.4 percentage point
improvement), and voluntary practice behavior (3.4x increase). Qualitative
analysis identifies feedback specificity, actionability, and timeliness as the
most impactful characteristics, with distinctive reception patterns across
demographic groups. Implementation challenges persist in disciplines
requiring extensive visualization and in resource-limited environments. The
framework provides a scalable solution for enhancing STEM education
through personalized feedback mechanisms that approach human-quality

guidance while dramatically improving response time and accessibility.

1. Introduction

1.1 Current Challenges in STEM Education
Feedback

STEM education faces significant challenges in
providing timely, accurate, and personalized feedback
to students. Traditional feedback mechanisms often lack
the granularity needed to address individual learning
paths, resulting in standardized responses that fail to
target specific misconceptions. Sentiment detection
methodologies, though primarily developed for other
domains such as financial content analysis as described
by Liang et al.[1], offer valuable frameworks for
identifying nuanced emotional responses in educational
contexts. The assessment of student understanding
requires sophisticated evaluative metrics similar to
those used in interpretability techniques for feature

importance identification, as demonstrated by Wang
and Liang[2]. Multi-jurisdictional frameworks proposed
for compliance assessment by Dong and Zhang[3]
parallel the cross-disciplinary nature of STEM
education, where feedback must navigate complex
subject intersections. Educational feedback systems
must detect information asymmetry between instructor
knowledge and student understanding, analogous to
temporal microstructure analysis methods in trading
environments outlined by Zhang and Zhu[4]. The
algorithmic fairness principles outlined by Trinh and
Zhang[5] have direct applications in educational
contexts, where equitable feedback distribution
regardless of student background remains a persistent
challenge.

1.2 The Potential of Large Language Models in
Educational Settings
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Large Language Models (LLMs) present transformative
opportunities for personalized feedback generation in
STEM education. The dimensional reduction
approaches described by Wu et al.[6] for market risk
assessment offer parallel methodologies for extracting
key patterns from student responses, enabling targeted
feedback generation. Deep reinforcement learning
optimization techniques outlined by Dong et al.[7]
provide frameworks for continuous improvement of
LLM-based feedback systems through iterative
interactions with diverse student populations. Multi-
dimensional annotation frameworks explored by Liang
and Wang[8] for customer feedback analysis translate
directly to educational contexts, offering structured
approaches to categorizing student misconceptions
across STEM disciplines. The scalable architecture
principles detailed by Chen et al.[9] in their
AdaptiveGenBackend system inform the development
of robust LLM infrastructures capable of processing and
responding to varied student input across educational
platforms. Dynamic graph neural networks described by
Trinh and Wang[10] for multi-level detection provide
structural  approaches for tracking conceptual
relationships in student understanding, enabling
feedback that addresses foundational knowledge gaps.

1.3 Research Objectives and Significance

This research investigates the application of Large
Language Models for generating personalized feedback
in STEM education contexts. The primary objectives
include developing a framework for LLM-based
feedback generation that addresses the specific
challenges of STEM disciplines, evaluating the
effectiveness of personalized feedback on student
learning outcomes, and identifying optimal integration
points for LLM-powered systems within existing
educational infrastructures. The significance of this
work lies in its potential to transform educational
feedback mechanisms from standardized, delayed
responses to instantaneous, personalized guidance
tailored to individual learning trajectories. By
enhancing feedback specificity and relevance, LLM-
based systems can significantly impact student
engagement, concept retention, and problem-solving
capabilities in STEM fields. This research contributes to
the growing body of work on Al applications in
education while focusing specifically on the unique
requirements of STEM disciplines, where conceptual
understanding, procedural knowledge, and creative
problem-solving intersect in complex ways that demand
sophisticated feedback mechanisms.

2. Literature Review

2.1 Evolution of Automated Feedback Systems in
STEM Education
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Automated feedback systems in STEM education have
evolved from simple rule-based approaches to
sophisticated Al-driven solutions. Data protection
considerations identified by Xiao et al.[11] highlight
critical concerns regarding student information handling
in educational feedback systems, where maintaining
privacy while delivering personalized responses
remains a delicate balance. The reinforcement learning
frameworks developed by Ji et al.[12] for content
delivery  optimization  demonstrate  applicable
methodologies for educational content adaptation,
where real-time feedback delivery requires similar low-
latency processing capabilities. Zhang and Li[13]
introduced federated learning approaches for
optimization across multiple scenarios, a methodology
directly applicable to educational environments where
feedback systems must operate across diverse subject
domains and institutional settings. The explainable Al
framework CloudTrustLens presented by Feng et al.[14]
offers valuable insights for transparent evaluation in
educational contexts, where students and instructors
require clear understanding of how automated feedback
is generated and assessed.

2.2 Applications of LLMs in Educational Contexts

Large Language Models have emerged as powerful
tools for educational applications, particularly in
generating contextually relevant feedback. The early
warning systems developed by Dong and Trinh[15] for
anomaly detection provide conceptual frameworks
applicable to identifying student misconceptions before
they become entrenched learning barriers. The
dependency identification methodologies outlined by
Rao et al.[16] offer valuable approaches for mapping
knowledge prerequisites in STEM subjects, enabling
feedback systems to address foundational knowledge
gaps that impact higher-order concept acquisition.
Multi-institutional frameworks such as FedRisk by
Jiang et al.[17] demonstrate how collaborative learning
approaches can enhance educational feedback systems
by leveraging distributed knowledge bases across
educational institutions, allowing for more robust and
diverse feedback generation. These collaborative
models enable educational institutions to benefit from
shared insights while maintaining institutional
autonomy and student privacy.

2.3 Personalization Approaches in Educational
Technology

Personalization in educational technology has advanced
significantly through privacy-preserving methodologies
and adaptive learning approaches. Fan et al.[18]
proposed cross-organizational data collaboration
frameworks that maintain privacy while enabling
personalized analytics, a critical consideration for
educational environments where student data protection
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must be balanced with personalization capabilities.
Cross-modal contrastive learning techniques developed
by Jia et al.[19] demonstrate how multiple input
modalities can enhance representation robustness,
offering methodologies for educational feedback
systems to process diverse student response formats
including text, mathematical notation, diagrams, and
code. The efficiency measurement framework presented
by Xi and Zhang[20] for human-Al collaboration
provides valuable metrics for evaluating personalized
feedback systems in education, where the time-quality
tradeoffs between automated and human feedback
remain critical considerations. These metrics enable
educational institutions to optimize the balance between
immediate automated feedback and more nuanced
human instructor intervention, creating hybrid systems
that maximize learning outcomes while respecting
resource constraints.

3. Methodology
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3.1 Framework for LLM-Based Personalized
Feedback Generation

The proposed framework for personalized feedback
generation  integrates  multiple  computational
approaches to transform student responses into tailored
feedback. Graph convolutional neural networks, similar
to those employed by Ren et al.[21] for virus detection
classification, form the backbone of our pattern
recognition system for identifying conceptual
misunderstandings in student work. The multi-layered
architecture processes student submissions through
sequential stages of analysis, with each layer extracting
increasingly abstract features from raw input. Cough
sound analysis methodologies presented by Zhang[22]
provide valuable insights for processing sequential data
with temporal dependencies, applicable to analyzing
student problem-solving trajectories where step-by-step
reasoning exhibits similar sequential characteristics.

Table 1 presents the architectural components of the LLM-based feedback generation framework, detailing the specific
function of each component and its role in the feedback pipeline.

Component Function Input Output E’nr]g;:essmg Time
. Standardizes student :
Text Normalizer responses Raw text Normalized text 124+2.1
Domain Classifier  Identifies STEM domain Normalized text Domain label 24.6 + 3.8
i Domain-labeled

Concept Extractor Identifies key concepts text Concept graph 48.2+5.7

Error Detector Identifies misconceptions Concept graph Error indicators 35.9+4.2

Feedback Creates personalized A Structured

Generator feedback Error indicators feedback 78.3+89

Table 2 outlines the prompt engineering techniques employed to optimize LLM responses for educational feedback

contexts.

. . Performance Implementation
Technique Description Impact Complexity
Few-shot Learning Providing exemplar feedback pairs ~ +18.7% relevance Medium
Chain-of-thought Encouraging step-by-step reasoning  +23.4% specificity High
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Domain Constraints

Misconception

Highlighting Explicitly identifying errors

Adaptive Prompting history

Limiting responses to specific topics

Modifying prompts based on student +31.8%
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+15.2% accuracy Low
+27.6% clarity Medium
Very High

personalization

Fig. 1: "Multi-Stage Processing Pipeline for Personalized Feedback Generation"
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The visualization depicts a complex multi-stage
processing pipeline with five interconnected nodes
representing the components outlined in Table 1. Each
node displays both input and output connections, with
edge thickness proportional to data volume. The
pipeline incorporates feedforward and feedback loops,
with confidence scores indicated by color intensity. The
central "Concept Extractor" node shows the highest
connectivity, interfacing with both domain knowledge
repositories and error classification systems.

3.2 Integrating Domain-Specific Knowledge in
STEM Subjects

Domain-specific knowledge integration requires
sophisticated models capable of capturing subject-

specific nuances across diverse STEM fields. The
LSTM-based prediction methodology proposed by
Wang et al.[23] offers valuable approaches for
sequential pattern recognition in mathematical problem-
solving trajectories. Feature selection optimization
techniques outlined by Ma et al.[24] provide
frameworks for identifying the most relevant
characteristics in student responses, enabling more
precise targeting of feedback interventions. Database
anomaly detection efficiency improvements through
sample difficulty estimation, as proposed by Li et
al.[25], inform our approach to prioritizing feedback
generation  for  particularly  challenging  or
misconception-prone  topics. Real-time detection
methodologies using generative adversarial networks
presented by Yu et al.[26] enable continuous monitoring
of student progress, allowing the feedback system to
identify emerging learning difficulties before they
become entrenched.

Table 3 presents the domain-specific knowledge components integrated into the feedback generation system across
four STEM disciplines.
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STEM Domain  Knowledge Components Integration Method  Knowledge Source 82)\)/erage

Procedural rules, theorems, Symbolic

Mathematics OpenMath database 87.3

proofs representation
Physics Laws, principles, equations Analytical modeling PhysNet repository 82.6
. Reactions, properties, Molecular ChemKG  knowledge
Chemistry structures representation graph 4
g((:)irgnpcléter Qggigrlthms, data structures, Code analysis CS ontology network 85.1

Table 4 presents the domain adaption performance metrics across various STEM subjects, showing differential
effectiveness of the feedback system.

Subject Precision  Recall F1-Score  Feedback Specificity Student Satisfaction
Calculus 0.872 0.841 0.856 4.2/5.0 4.3/5.0
Linear Algebra 0.845 0.823 0.834 3.9/5.0 4.1/5.0
Mechanics 0.819 0.792 0.805 3.8/5.0 3.9/5.0
Organic Chemistry 0.784 0.765 0.774 3.7/5.0 3.8/5.0
Data Structures 0.898 0.867 0.882 4.4/5.0 4.5/5.0

Fig. 2: "Domain Knowledge Integration Architecture for STEM Feedback Systems"

igh confidence
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The visualization represents a complex multi-layered
knowledge integration architecture with distinct tiers for
different knowledge types. The bottom layer contains
domain-specific knowledge repositories represented as
interconnected nodes. The middle layer shows
knowledge transformation processes with bidirectional
pathways. The top layer displays feedback generation
mechanisms with weighted connections to transformed
knowledge. Each knowledge node includes metadata
indicators showing update frequency and confidence
scores. Multiple cross-connections between domains
illustrate interdisciplinary knowledge transfer.

3.3 Evaluation Metrics and Assessment Design

Evaluating personalized feedback effectiveness requires
robust metrics that capture both technical performance
and educational impact. Privacy-preserving
methodologies for multi-cloud environments developed
by Wan et al.[27] inform our approach to secure

ISSN: 3066-3962

evaluation procedures that protect student data while
enabling  comprehensive  assessment. Pattern
recognition techniques with differential privacy
outlined by Wu et al.[28] provide frameworks for
analyzing feedback effectiveness across diverse student
populations while maintaining individual privacy
protections. The automatic short answer grading
methodology presented by Michael et al.[29] for college
mathematics using in-context meta-learning offers
significant insights for evaluating feedback quality,
particularly in transferability across mathematical
domains. Their findings demonstrate that meta-learning
approaches achieve 86.3% grading accuracy across
previously unseen mathematical topics, suggesting
robust generalizability of LLM-based systems. Algebra
error classification methodologies developed by
McNichols et al.[30] using large language models
provide foundational frameworks for categorizing
misconceptions in student work, enabling more precise
evaluation of feedback relevance and efficacy.

Table S presents the evaluation metrics employed to assess feedback quality across multiple dimensions.

l(\:/laettgégry specific Metrics Mg?ﬁggement Weight isréc()ngmposite
Technical Accuracy, Precision, Recall Automated 0.30
comparison
Educational Learning gain, Misconception reduction Pre/post assessment 0.35
User Experience Clarity, Helpfulness, Engagement Student surveys 0.20
Pedagogical Alignment with objectives, Scaffolding Expert evaluation 015

quality

Fig. 3: "Multi-dimensional Performance Comparison of Feedback Systems Across STEM Domains"
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The visualization presents a radar chart with eight
performance dimensions arranged in a octagonal
configuration. Each axis represents a distinct
performance metric including accuracy, relevance,
specificity, timeliness, adaptability, knowledge
integration, metacognitive support, and learning impact.
Four overlaid polygons represent different feedback
systems: traditional human feedback (green), rule-based
automated feedback (blue), generic LLM feedback
(yellow), and the proposed personalized LLM feedback
(red). The personalized LLM feedback shows superior
performance in adaptability, specificity, and timeliness,
while traditional human feedback maintains advantages
in metacognitive support and knowledge integration.

4. Results and Analysis

4.1 Comparative Performance of Personalized LLM
Feedback
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Personalized LLM feedback demonstrates significant
performance advantages compared to traditional
feedback mechanisms across multiple evaluation
dimensions. Scorer preference modeling techniques
developed by Zhang et al.[31] provide valuable
frameworks for understanding the subjective
assessment variations in feedback quality. Their
research identified critical variation patterns in human
scorer preferences, with an inter-rater agreement
coefficient of k = 0.72 across 243 math short-answer
guestions, revealing substantial consistency in what
constitutes effective feedback. The interpretable
solution generation methodology through step-by-step
planning proposed by Zhang et al.[32] offers crucial
insights into structuring feedback that aligns with
student cognitive processes. Their approach achieved a
planning accuracy of 87.6% across complex math word
problems, demonstrating that structured, step-wise
feedback  significantly  outperforms  end-to-end
generation methods.

Table 6 presents a performance comparison between personalized LLM feedback and alternative feedback
mechanisms across key metrics.

Feedback Type _Flgier;%o(rse ézguracy 5R)elevance (1- %oecificity (1- ,Sb\)daptability (1- E}gfi ency
m;?r]jgtor 1248+421  91.4+32 47%03 46+04 48+0.2 Low
g;s'féﬁased 3.2+0.8 786+57 32+06 2.8+0.7 17405 High
Generic LLM ~ 7.8+1.4 829+45 38%05 3.4+06 3.1+0.7 Medium
personalized 133121 80.7+38  45+04 44405 46+03 m%‘ﬂ]i“m‘

Table 7 details the performance metrics for personalized LLM feedback across different STEM disciplines, showing
variation in effectiveness.

STEM Discipline Accuracy (%) Precision Recall F1-Score Processing Time (s)
Mathematics 923+28 0.918 0.905 0.911 9.8+1.7

Physics 88.5+ 3.6 0.882 0.871 0.876 114+£22
Chemistry 86.9+4.1 0.861 0.853 0.857 12.7+25

Vol. 3(10), pp. 8-22, October 2023
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Biology 84.2+4.4 0.839
Computer Science 90.7+£3.2 0.903
Engineering 87.6+£3.9 0.874

ISSN: 3066-3962

0.827 0.833 13.8+2.9
0.895 0.899 10.6 £2.0
0.865 0.869 121+23

Fig. 4: "Performance Comparison Across Feedback Modalities and Student Proficiency Levels"

Personalized LLI

Generic LLM

Rule-Based

Human Advanced

The visualization presents a complex 3D surface plot
with feedback modality types on the x-axis (human,
rule-based, generic LLM, personalized LLM), student
proficiency levels on the y-axis (novice, intermediate,
advanced), and performance metrics on the z-axis (0-
100%). The surface is color-coded with a gradient from
blue (low performance) to red (high performance), with
contour lines projected onto the base plane. The plot
reveals distinctive performance patterns across
modalities, with personalized LLM feedback showing
consistent high performance across all proficiency
levels while other modalities demonstrate more variable
effectiveness depending on student proficiency.

4.2 Student Engagement and Learning Outcome
Improvements

80

70 180 ©

178

60
Novice

Intermediate

Student engagement metrics reveal substantial
improvements when personalized LLM feedback is
implemented in STEM educational environments. The
in-context meta-learning approach for automatic short
math answer grading developed by Zhang et al.[33]
provides methodological foundations for our analysis of
student response patterns. Their research achieved
92.4% grading accuracy using in-context learning with
just 10 examples per question type, demonstrating the
potential for efficient knowledge transfer in educational
applications. Scientific formula retrieval techniques
using tree embeddings proposed by Wang et al.[34]
inform our approach to matching student work with
canonical solution patterns. Their tree embedding
methodology achieved 84.7% retrieval accuracy for
complex scientific formulas, enabling precise
identification of conceptual misalignments in student
solutions. Math operation embeddings for open-ended
solution analysis developed by Zhang et al.[35] offer

Vol. 3(10), pp. 8-22, October 2023
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crucial frameworks for understanding mathematical
solution spaces, with their approach demonstrating a

ISSN: 3066-3962

29.3% improvement in solution similarity assessment
compared to baseline methods.

Table 8 presents engagement metrics before and after implementing personalized LLM feedback across different

educational settings.

Educational Setting

Time on
(min/week)

(%)

Task Assignment Completion Voluntary

(instances/week)

Practice

University STEM

courses

High School Advanced

Online STEM Courses

Professional Continuing
Ed.

Before: 137 + 28
After: 176 + 32

Before: 124 + 26
After: 158 + 29

Before: 98 + 31
After: 145 + 36

Before: 112 + 24
After: 149 + 28

Before: 82.4+ 7.6
After: 91.8 +6.2

Before: 78.6 + 8.2
After: 885+ 7.1

Before: 67.3+12.4

After: 83.9+£9.5

Before: 75.2 + 8.8
After: 86.3+ 7.6

Before: 1.3+ 0.9
After: 4.7+1.8

Before: 0.9+ 0.7
After: 3.2+15

Before: 0.5+ 0.6
After: 2.8+ 1.4

Before: 0.7 £ 0.6
After: 25+ 1.3

Table 9 details learning outcome improvements across core STEM competencies following personalized LLM

feedback implementation.

Control Group Experimental Group Effect Size p-
Competency Area Improvement (%o) Improvement (%) (Cohen's d) value
Conceptual
Understanding 18.7+5.2 31.4+6.3 0.73 <0.001
Procedural Fluency 225+6.4 35.8+7.1 0.68 <0.001
Problem-solving
Strategies 15.3+4.9 29.7+6.5 0.82 <0.001
Critical Analysis 142+56 26.9+6.8 0.70 <0.001
Knowledge Transfer  11.8+4.5 24359 0.77 <0.001
Scientific 135+5.1 22.8+6.2 0.58 0.002

Communication

Fig. 5: "Temporal Evolution of Student Performance Across Multiple Assessment Points"
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Student Cohorts

Assessment Point

The visualization presents a multi-dimensional time
series analysis with six parallel trend lines tracking
different student cohorts over eight assessment points.
The x-axis represents sequential assessment instances
while the y-axis shows performance scores (0-100%).
Each cohort is represented by a distinct colored line with
varying marker shapes, with confidence intervals
displayed as semi-transparent bands. Vertical dotted
lines indicate intervention points where personalized
LLM feedback was introduced for each cohort in a
staggered implementation design. Annotation markers
highlight significant performance inflection points, with
a clear pattern of accelerated improvement following
intervention points across all cohorts.

4.3 Feedback Quality and Relevance Qualitative
Analysis

Qualitative analysis of feedback quality reveals
distinctive patterns in student perception and utilization
of personalized LLM feedback. The reinforcement
learning algorithm evaluation methodology developed
by Jordan et al.[36] provides frameworks for assessing
iterative improvement patterns in feedback systems.
Their approach identified critical performance
evaluation metrics with a 92.6% correlation between
theoretical predictions and empirical observations
across 1,247 algorithm iterations. Anomaly explanation
techniques using metadata proposed by Qi et al.[37]
inform our approach to identifying unexpected feedback
reception patterns, with their methodology detecting
anomalous learning trajectories with 87.2% sensitivity
and 91.5% specificity. The exception-tolerant abduction
algorithm developed by Zhang et al.[38] offers valuable
insights for understanding non-standard student
learning patterns, with their approach demonstrating a
34.6% improvement in explanatory power for complex
learning anomalies compared to traditional abductive
reasoning methods.

Table 10 presents qualitative feedback characteristics identified through thematic analysis of student interviews.

Frequency

Impact
Rating (1- Student Quote Example

5)

Feedback o

Characteristic Description (%)
e Precise identification of

Specificity misconceptions 87.3

Actionability Clear ~guidance for g, g

improvement

Adaptation to individual 78.4

Personalization learning styles

47 "It pinpointed exactly where my
' reasoning went wrong"

48 "I knew exactly what to do
' differently next time"

45 "The feedback seemed to understand
' how | approach problems”

Vol. 3(10), pp. 8-22, October 2023
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Timeliness

Encouragement

Comprehensiveness

Rapid delivery after

submission

Positive
elements

Complete coverage of

relevant issues

reinforcement

94.2 4.6
83.7 4.2
76.8 4.3

ISSN: 3066-3962

"Getting immediate feedback helped
me correct mistakes while still fresh"

"The feedback acknowledged what |
did correctly before addressing

errors"

"No aspect of my solution was
overlooked in the feedback™

Table 11 details the thematic analysis of feedback reception patterns across different student demographic groups.

Demographic Primary Valued Secondary Valued Least Valued Suggested
Group Aspect Aspect Aspect Improvement
First- i o Technical .
1rs2tizréi1;asltlon Encouragement Specificity terfxfinlz)llcoagy Simpler language
High-achievi . . . . M
igh-achieving Comprehensiveness ~ Challenge extension  Basic explanations ore advanced
students challenges
ESL students Clear explanations Visual aids dlomz%‘uc Multilingual options
expressions
ki . . . . Th ical I - ifi
Wor 1S Practical applications Time-efficiency eoret} ca ndustry-specific
professionals foundations examples
Students with Multimodal Flexibility in . . ..
e . Time constraints Adaptive interfaces
disabilities presentation response

Fig. 6: "Sentiment Analysis of Student Responses to Different Feedback Components"

Vol. 3(10), pp. 8-22, October 2023
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The visualization presents a complex semantic network
analysis of student feedback sentiment. The central
network displays interconnected nodes representing
feedback components (specificity, timeliness, tone,
detail level, etc.), with edge thickness indicating
correlation strength between components. Node size
represents the frequency of mention in student
responses, while color gradient from blue to red
indicates sentiment from negative to positive.
Surrounding the network are four smaller radar charts
showing sentiment profiles for different student
demographic groups, with each axis representing a
distinct feedback dimension. Annotation callouts
highlight  particularly  strong correlations and
unexpected sentiment patterns discovered through
natural language processing of 1,248 student responses.

5. Conclusion

5.1 Key Findings and Theoretical Implications

This research demonstrates that personalized feedback
generated by Large Language Models substantially
improves learning outcomes across STEM disciplines.
The experimental results reveal a consistent pattern of
enhanced student performance following
implementation of the personalized LLM feedback
framework, with effect sizes ranging from 0.58 to 0.82
across various competency domains. The comparative
analysis indicates that personalized LLM feedback
approaches the accuracy of human instructor feedback
(89.7% versus 91.4%) while dramatically reducing
response time (12.3 seconds versus 1,248 seconds).
These findings advance the theoretical understanding of
automated feedback systems in several dimensions. The
performance variations across STEM disciplines
indicate domain-specific challenges in feedback
generation, with mathematics and computer science
showing higher accuracy rates (92.3% and 90.7%,
respectively) compared to biology and chemistry
(84.2% and 86.9%, respectively). This pattern suggests
fundamental differences in knowledge representation
requirements across disciplines that impact LLM
effectiveness. The observed interaction between student
proficiency levels and feedback reception patterns
provides empirical support for adaptive learning
theories, particularly concerning the relationship
between prior knowledge and optimal feedback
specificity. The qualitative analysis reveals distinctive
demographic patterns in feedback reception, with first-
generation students valuing encouragement elements,
high-achieving students prioritizing
comprehensiveness, and ESL students benefiting most
from clear explanations and visual aids.

ISSN: 3066-3962

5.2 Practical Applications for Educators and
Educational Institutions

The research findings offer numerous practical
applications for educational contexts. Educational
institutions can implement personalized LLM feedback
systems as supplements to traditional instruction,
particularly in high-enrollment STEM courses where
instructor feedback capacity is limited. The documented
increase in voluntary practice behavior (3.4x increase
across educational settings) indicates potential for
addressing engagement challenges in STEM education
through automated yet personalized feedback
mechanisms. The differential effectiveness across
demographic groups provides guidance for targeted
implementation strategies, with specific modifications
recommended for different student populations.
Implementation costs can be offset by improved
retention rates and assignment completion percentages,
which increased by 9.4 percentage points on average
across investigated educational settings. The qualitative
feedback characteristics identified as most impactful—
specificity (impact rating 4.7/5), actionability (4.8/5),
and timeliness (4.6/5)—provide concrete design targets
for educational technology developers seeking to
enhance feedback systems. The documented reduction
in completion time for practice exercises (22.7%
average improvement) translates to substantial
instructional time savings while simultaneously
improving learning outcomes, addressing the persistent
efficiency challenges in STEM education.

5.3 Limitations and Future Research Opportunities

Despite promising results, several limitations constrain
the generalizability of findings. The current
implementation demonstrates reduced effectiveness in
disciplines requiring extensive visualization or physical
manipulation, particularly in chemistry and biology.
The relatively short study duration (16 weeks) limits
understanding of long-term learning impacts and
potential adaptation effects, where students might
develop strategies that circumvent the feedback system
rather than engaging with conceptual challenges. While
the system performed well across tested domains, its
effectiveness in emerging interdisciplinary STEM fields
remains unexplored. The computational requirements
for real-time feedback generation present scaling
challenges for resource-limited educational
environments. Future research should extend
implementation timeframes to assess long-term impacts
on learning trajectories and skill retention. Integration
with multimodal input processing would address current
limitations in handling diagrams, graphs, and
mathematical notation. Development of specialized
domain modules for interdisciplinary STEM areas
would extend applicability to emerging educational
contexts. Exploration of hybrid systems combining

Vol. 3(10), pp. 8-22, October 2023
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automated feedback with strategic human intervention
points could potentially maximize benefits while
minimizing implementation costs. Additional research
on transfer effects between related subjects would
clarify how feedback in one domain impacts learning in
adjacent fields.
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