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Abstract

Large language models (LLMs) enable scalable
content generation for personalized learning,
but reliability and pedagogical alignment re-
main open challenges. We present PathBuilder,
a web-based system that integrates expert-
validated assessment, retrieval-augmented gen-
eration (RAG), and an LLM-as-a-Judge valida-
tion loop within a closed instructional pipeline.
The system uses a 17,758-item curriculum-
aligned question bank, including 1,018 expert-
approved LLM-generated items, to construct di-
agnostic and post-tests for fine-grained learner
profiling. In a real-world deployment with 179
registered users (75 matched learners), Path-
Builder achieved a mean absolute gain of 37.9
percentage points, Hake’s normalized gain of
0.760, and a large effect size (Cohen’s d =
0.98). A controlled study of the judge mecha-
nism showed consistent high-quality instruc-
tional outputs with a 100% threshold pass
rate. These results demonstrate that struc-
tured curriculum alignment combined with re-
trieval grounding and automated validation
can support reliable LLM-based personaliza-
tion in deployed learning systems. A live
demonstration of PathBuilder is available at
https://demo.pathbuilderedu.com.

1 Introduction

Personalized learning systems aim to adapt instruc-
tion to individual learners’ knowledge states, cog-
nitive levels, and progression trajectories. Early
intelligent tutoring systems achieved personaliza-
tion through rule-based policies and probabilistic
student modeling frameworks such as Bayesian
Knowledge Tracing (Corbett and Anderson, 1994;
Piech et al., 2015). More recently, large language
models (LLMs) have enabled flexible content gen-
eration, automated feedback, and adaptive scaffold-
ing in educational settings (Kasneci et al., 2023;
Macina et al., 2023; Liermann et al., 2024; Elkins
et al., 2024). However, while LLMs substantially

increase generative capacity, they also introduce
reliability concerns, including hallucinated con-
tent, factual inaccuracies, and pedagogical mis-
alignment.

In parallel, research in automatic question gen-
eration has demonstrated that LLMs can produce
fluent and diverse assessment items (Scaria et al.,
2024; Hwang et al., 2024). Yet most prior work
evaluates generated questions using automatic met-
rics or small-scale human annotation, rather than
deploying them inside live adaptive systems with
measurable learner outcomes (Laban et al., 2022).
Similarly, adaptive learning platforms combine di-
agnostic testing with content sequencing (Scarlatos
et al., 2025; Lu and Wang, 2024), but few systems
integrate structured curriculum tagging, controlled
generative expansion, retrieval grounding, and auto-
mated verification into a single production pipeline.
Consequently, there remains a gap between genera-
tive capability and system-level reliability in real
educational deployments.

To address this gap, this paper presents Path-
Builder, a web-deployed, quality-controlled LLM
system for personalized learning pathways. Path-
Builder combines (1) expert-validated, hierarchi-
cally tagged diagnostic assessment, (2) controlled
LLM-based question expansion, (3) retrieval-
augmented generation (RAG) for personalized in-
structional synthesis, and (4) an LLM-as-a-Judge
validation loop that verifies and repairs generated
content before delivery to students. Rather than
treating generation and evaluation as separate com-
ponents, PathBuilder integrates them into a closed-
loop architecture that enforces curriculum align-
ment and content reliability at each stage.

PathBuilder models learner knowledge across
structured curriculum dimensions and gener-
ates personalized instruction using a retrieval-
augmented pipeline with automated LLM-based
quality control. Rather than relying on one-shot
generation, the system integrates expert-aligned
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assessment, controlled content synthesis, and val-
idation into a closed-loop architecture. We evalu-
ate PathBuilder in a real-world deployment with
179 active users using expert-validated pre- and
post-tests to measure learning gains and post-
test proficiency. Additionally, we expand the
assessment bank through expert-validated LLM-
generated questions and structured curriculum clas-
sification of existing items, demonstrating both ped-
agogical impact and system reliability at scale. Our
contributions include a quality-controlled person-
alization framework, a deployed closed-loop LLM
architecture, real-world evidence of measurable
learning gains, and a validated assessment expan-
sion pipeline for adaptive learning.

2 Related Work

LLMs in Education and Intelligent Tutoring Sys-
tems. LLMs have increasingly been explored for
tutoring, feedback generation, and adaptive instruc-
tion (Schmucker et al., 2024; Reddig et al., 2025;
Liermann et al., 2024; Shi et al., 2026). Prior sys-
tems demonstrate that LLMs can provide step-by-
step explanations and scaffolded hints, but they
also highlight risks of factual inaccuracies and ped-
agogical misalignment. Earlier intelligent tutoring
systems (ITS) relied on rule-based or Bayesian
student modeling approaches (Koedinger et al.,
2013; Piech et al., 2015). Compared to traditional
ITS, PathBuilder leverages foundation models for
flexible content generation while retaining struc-
tured assessment and level estimation mechanisms
grounded in expert-validated question banks.

Automatic Question Generation and Assess-
ment. Building on advances in educational NLP,
automatic question generation has been widely
studied in NLP (Alberti et al., 2019; Yuan et al.,
2017; Du et al., 2017), with recent LLM-based
approaches improving fluency and diversity. How-
ever, prior work often evaluates generated ques-
tions using automatic metrics or small-scale human
judgments, rather than integrating them into live
learning systems (Uto et al., 2023; Ashok Kumar
et al., 2023; Dugan et al., 2022; Doostmohammadi
et al., 2024). In contrast, PathBuilder incorporates
expert-validated generated questions and automat-
ically classified existing items into a deployed as-
sessment pipeline, enabling large-scale empirical
evaluation of learning gains.

Personalized Learning Systems. More broadly,
adaptive learning platforms combine diagnostic
testing with personalized content sequencing (Zhou

et al., 2024; Cheng et al., 2024). Recent data-driven
systems incorporate reinforcement learning and stu-
dent modeling for adaptive sequencing (Shen et al.,
2024). We extend this line of work by integrat-
ing expert-aligned assessment, RAG-based content
synthesis, and automated quality control into a uni-
fied, web-deployed system with demonstrated real-
user learning gains.

3 Methodology

PathBuilder is a quality-controlled LLM system for
personalized learning that integrates diagnostic as-
sessment, structured question generation, retrieval-
grounded instructional synthesis, and automated
verification into a unified pipeline. Rather than
treating generation and evaluation as separate com-
ponents, PathBuilder employs a closed-loop ar-
chitecture to ensure pedagogical alignment and
content reliability. The system operates in three
stages: student profiling through structured diag-
nostic testing, controlled assessment expansion via
expert-aligned question generation, and personal-
ized content generation with automated quality con-
trol. Each component is detailed in the following
subsections.

3.1 Student Profiling via Structured
Diagnostic Assessment

Personalization in PathBuilder begins with a di-
agnostic assessment. Unlike conventional adap-
tive systems that rely solely on aggregate scores,
PathBuilder models student knowledge along three
explicit axes: Topic hierarchy 7' (Topic-Subtopic-
Microtopic), Bloom’s Taxonomy level B, and Dif-
ficulty level D. Each diagnostic item is tagged
as:

where t; € T denotes a curriculum-aligned
microtopic, b; denotes cognitive level, and d; de-
notes calibrated difficulty. Given student responses
r; € 0,1, topic-level mastery is computed as:

- 1
My=— 2
¢ Zt:

This formulation allows PathBuilder to detect
where and at what cognitive depth a student
struggles. For example, a student may demon-
strate high remembering-level performance but
low application-level performance within the same
topic. This distinction is critical for instructional
targeting.
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Instead of merely identifying low-performing
students, PathBuilder identifies cognitive progres-
sion gaps. The next instructional target level is
defined as:

B* = next mastered Bloom Level 3)

Students progress to the next level of Bloom’s
taxonomy upon successfully passing the post-test.
This structured profiling step forms the foundation
for both question selection and content generation,
ensuring that personalization remains curriculum-
grounded rather than heuristic-driven.

3.2 Expert-Aligned Question Generation
Pipeline

Assessment quality directly affects personalization
reliability. For this reason, PathBuilder does not
rely solely on generative models for question cre-
ation. Instead, it begins with an expert-developed
seed bank of validated multiple-choice questions
derived from high-stakes examinations and institu-
tional test banks.

3.2.1 Hierarchical Curriculum Tagging

Each seed question is annotated using a four-
level topic taxonomy (Subject-Topic-Subtopic-
Microtopic) derived from the program’s official
Table of Specifications. This hierarchical structure
enables fine-grained topic targeting and balanced
test construction. It also allows Bloom’s-aligned
question selection. The tagging schema ensures
that the system’s adaptive behavior remains aligned
with institutional curriculum requirements.

3.2.2 Controlled LLM-Based Expansion

To increase coverage while preserving pedagogi-
cal alignment, PathBuilder uses LLMs to generate
question variants. However, generation is strictly
conditioned on structured parameters. For each
seed question ¢, the model generates a set:

G(q) =A{a1, - @} )

Each generated variant must preserve: Topic
t, Target Bloom’s level b, and Difficulty level d.
This conditioning prevents uncontrolled drift in
content scope. The LLM is therefore used as a
structured transformer of expert knowledge, rather
than as an unconstrained content creator. This de-
sign choice is central to PathBuilder: generation op-
erates within expert-defined boundaries, enabling
scalable yet controlled assessment expansion.

3.2.3 Human Validation and Reliability
Control

Because generated questions form the basis of di-
agnostic and post-tests, each new item undergoes
independent expert review. Questions are evaluated
along three dimensions: clarity, factual accuracy,
and design quality. Each dimension is rated using
a 5-point Likert scale. A question is accepted only
if it meets a predefined quality threshold across
dimensions. To ensure annotation reliability, Path-
Builder computes: within-group agreement 7,4 for
Likert consistency and Krippendorft’s « for topic
classification agreement. This validation layer en-
sures that the expanded question bank remains
aligned with domain standards before being de-
ployed in adaptive testing.

3.3 Personalized Instructional Generation

Once a student’s knowledge profile is computed,
the system generates personalized instructional con-
tent for the weakest identified topic.

3.3.1 Knowledge-Grounded Generation

LLM-generated instructional content can suffer
from hallucinations or conceptual drift. To
mitigate these risks, PathBuilder employs a
Retrieval-Augmented Generation (RAG) architec-
ture grounded in a curated knowledge base com-
prising textbooks, lecture notes, and validated in-
structional materials. As of this writing, the knowl-
edge base contains more than 500 instructional re-
sources. During retrieval, only the top-K results (K
=5), ranked using OpenAI’s embedding model, are
incorporated into the generation pipeline to ensure
relevance and reduce noise.

Given a target topic ¢, relevant documents are
retrieved using embedding similarity:

Dy = TopK ¢ g geos(¢(t), #(d)) )

The instructional content is then generated as:

C = froym(Dy, B, LearnerType) 6)

Here, B* controls cognitive depth, while learner
type modulates explanation style (e.g., analytical,
reflective, active). Importantly, style adaptation
occurs only after factual grounding is established
through retrieval. This separation between content
correctness and pedagogical adaptation is deliber-
ate. It ensures that personalization does not com-
promise factual integrity. Each generated lesson
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includes explicit learning objectives, conceptual ex-
planation, worked examples, and practice exercises.
Thus, personalization operates at both the cognitive
and stylistic levels.

3.4 LLM-as-a-Judge Quality Control Loop

Even with retrieval grounding, generative models
may produce inaccuracies. To prevent unverified
content from reaching students, PathBuilder in-
troduces an automated quality-control stage using
an LLM-as-a-Judge. The Judge evaluates gener-
ated content along two primary dimensions: Cor-
rectness (conceptual and mathematical validity)
and Factual grounding (alignment with retrieved
sources). Scores are assigned on a structured rubric.
The final acceptance score is computed as:

S — Scorrectness T Sgrounding
B 2

If the score falls below a predefined threshold,
the content is rejected and accompanied by struc-
tured feedback. The generator then produces a
revised version conditioned on the Judge’s feed-
back:

)

Chrew = from (D, feedback) 8)

This iterative repair mechanism forms a closed-
loop system. Content is not displayed to the student
until it satisfies quality constraints. By integrat-
ing validation directly into the generation pipeline,
PathBuilder transforms LLLM usage from a one-
shot generation paradigm into a self-correcting sys-
tem.

3.5 System Integration

The whole pipeline is implemented and integrated
in the frontend as an API service. This modularity
enables real-time personalization while preserving
separation of concerns between assessment, gen-
eration, and validation. Crucially, personalization
decisions are always grounded in structured cur-
riculum tags and verified instructional content. The
system therefore combines expert-aligned assess-
ment, controlled generative expansion, retrieval-
based grounding, and automated validation into a
unified architecture for reliable personalized learn-
ing.

4 Results and Discussion

This section evaluates PathBuilder along three di-
mensions: (1) reliability of the expert-validated as-
sessment backbone, (2) measurable learning gains

under real deployment, and (3) evaluation of the
LLM-based quality control mechanism. Together,
these analyses aim to determine whether the system
produces pedagogically aligned content, supports
meaningful student improvement, and maintains
quality assurance at scale.

4.1 Expert Validation: Question Bank
Reliability

To ensure the integrity of the diagnostic and gen-
erated question bank, we conducted a structured
expert validation study. Six licensed professionals
currently teaching in the academe independently
evaluated the generated questions for clarity, de-
sign quality, factual correctness, topic alignment,
difficulty level, and Bloom’s taxonomy classifica-
tion.

The original evaluation set contained 294 ques-
tions. However, items with critical rendering fail-
ures (e.g., missing answer choices or corrupted
formatting) were removed upon inspection, result-
ing in 261 evaluated questions. These questions
were then distributed among the six professionals,
divided into seven overlapping subsets, with each
subset evaluated by at least three raters to reduce fa-
tigue while maintaining multiple independent eval-
uations per item.

To assess consistency among raters, we com-
puted within-group agreement (7,4) for Likert-
scale metrics (clarity, design quality, and factual
correctness) and Krippendorft’s « for categorical
classifications (topic alignment, difficulty level,
and Bloom’s taxonomy classification).

Metric Mean 7, Interpretation

Clarity 0.859 High Agreement

Design 0.850 High Agreement
Factualness 0.817 Acceptable to High Agreement

Table 1: Inter-Rater Agreement via Mean r,,,. Values
above 0.70 indicate strong within-group agreement.

Table 1 shows that all Likert-scale metrics ex-
ceed the accepted threshold of 0.70, indicating
strong agreement among evaluators. The slightly
lower agreement for factualness likely reflects vari-
ation in interpreting domain-specific technical nu-
ance rather than systemic inconsistency, which we
plan to investigate further in future work.
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Metric Avg. % Agreement «a
Correct Topic Classification 85.99% 0.812
Difficulty 88.23% 0.811
Bloom’s Classification 93.39% 0.810

Table 2: Inter-Rater Reliability for Classification
Metrics. Krippendorft’s « values above 0.80 indicate
strong reliability.

For categorical classifications, all Krippendorff’s
a values exceeded 0.81, demonstrating strong inter-
rater reliability across metrics. Percent agreement
was similarly high, indicating consistent interpreta-
tion of pedagogical intent despite minor formatting
artifacts in raw LLM outputs.

Beyond the evaluated diagnostic subset, Path-
Builder integrates 1,018 professionally reviewed
LLM-generated questions and 16,740 automati-
cally classified existing questions (curated from
books and other reference materials) within its
structured taxonomy. In total, the deployed sys-
tem contains 17,758 assessment items (as of this
writing) aligned to the topic hierarchy and cog-
nitive level. These results demonstrate that Path-
Builder’s assessment pipeline combines expert val-
idation with scalable taxonomy integration, sup-
porting both rigorous evaluation and large-scale
deployment.

Having established the reliability of the assess-
ment backbone—designed to accurately determine
students’ capabilities and therefore requiring rigor-
ous validation—we next examine whether learners
demonstrate measurable gains when engaging with
the system.

4.2 Learning Gains: Pre and Post Assessment

At evaluation time, PathBuilder has 179 registered
users. For evaluation, we considered only students
who consistently used the platform for learning ac-
tivities. Consistently here means that students were
able to complete at least one microtopic with pre
and post-test scores. Some of the students started
the pre-test but did not take the post-test. Of the
179 active users, 75 students met the inclusion cri-
teria of completing both pre- and post-assessments.
We evaluated PathBuilder using matched pre—post
assessments from these 75 unique students, yield-
ing 2,192 matched test pairs across 169 unique
curriculum-aligned microtopics. Because Path-
Builder is personalized, students may complete dif-
ferent numbers of microtopics; therefore, the num-
ber of matched assessments varies per learner. All

assessments were drawn from the expert-validated
question bank described in Section 4.1.

Metric Pre-Test Post-Test
Mean Score (%) 53.24 91.14
Proficiency >75% 42.2% 97.9%
Mean Absolute Gain 37.90 pp
Median Gain 30.00 pp
Hake’s g 0.760 (High)
Cohen’s d 0.9845 (Large)

Table 3: Pre and Post Test Analysis. Pre—post learn-
ing outcomes for 75 matched students (2,192 matched
pairs).

Table 3 summarizes aggregate performance
statistics. Learning gains were measured using
matched pre—post diagnostic assessments drawn
from the expert-validated question bank. Each stu-
dent completed a structured pre-test prior to instruc-
tional exposure and a post-test aligned to the same
topic taxonomy and Bloom level.

We report both absolute and normalized gains.
The mean absolute gain (37.90 percentage points)
reflects raw performance improvement, while
Hake’s normalized gain (¢ = 0.760) measures
improvement relative to the maximum possible
gain. Under established educational benchmarks,
g > 0.70 is considered high, indicating substantial
conceptual advancement rather than marginal score
inflation (Hake, 1998).

Effect size was computed using Cohen’s d for
paired samples (d = 0.9845), indicating a large
practical effect beyond statistical significance. Un-
like p-values, which reflect sample size sensitivity,
effect size quantifies the magnitude of improve-
ment in standardized units. The large d value sug-
gests that performance gains are not only statisti-
cally reliable but educationally meaningful.

Proficiency was defined as achieving at least 75%
accuracy. The increase from 42.2% to 97.9% indi-
cates that improvement was not limited to high-
performing students but shifted the majority of
learners above the mastery threshold. This suggests
that the system supports broad competency devel-
opment rather than isolated performance gains.

Normality testing (Shapiro-Wilk, p < 1073%)
indicated non-normal score differences. Both para-
metric (paired t-test, t = 46.09, p < 0.001)
and non-parametric (Wilcoxon signed-rank, p <
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Avg Pre/Post Scores by Topic Sequence Position
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Figure 1: Average pre- and post-test scores by topic
sequence position. Post-test performance remains con-
sistently high across later topics, indicating sustained
learning gains without degradation. The dashed line
marks the 75% proficiency threshold.

107209) tests confirmed the statistically significant
improvement.

Together, these metrics suggest that the in-
tegrated pipeline—comprising diagnostic profil-
ing, retrieval-grounded generation, and quality-
controlled instructional synthesis—is associated
with large, meaningful improvements under real
deployment conditions.

To further investigate whether gains persist
across curriculum progression, we analyze cohort-
average performance by topic sequence position.
Figure 1 plots the mean pre- and post-test scores
for the nth topic studied by each student. Post-test
performance remains consistently high (85-93%)
across topic sequence positions, with stable im-
provement magnitude. This suggests sustained ef-
fectiveness across sequential learning stages.

This analysis suggests that PathBuilder’s person-
alization mechanism maintains effectiveness across
sequential learning stages rather than exhibiting di-
minishing returns.

4.3 LLM-Based Quality Control

We evaluated the behavior of the LLM-as-a-Judge
using a controlled set of 31 generated instructional
outputs spanning multiple topics and cognitive lev-
els. Each output was evaluated using the rubric
with threshold 7 = 9 and up to two regenera-
tion attempts. All 31 generations achieved a score
> 9 on the first evaluation pass, yielding a 100%
pass rate without requiring retries. The mean cor-
rectness score was 10/10, while the mean factu-
ality score was 9.52/10, resulting in a mean over-
all score of 9.58/10. These results indicate that

Metric Value
Total Generations 31
Pass Rate (> 9) 100%
Retries Required 0
Mean Correctness 10.00/ 10
Mean Factuality 9.52 £0.51
Mean Overall Score 9.58/10
Perfect Score (10/10) 51.6%
Minor Factual Gaps (9/10) 48.4%

Table 4: Rubric-based quality control results using
threshold 7 = 9 (chosen to enforce >90% rubric com-
pliance) with up to two regeneration attempts.

PathBuilder’s retrieval-grounded generation and
structured prompting pipeline produced outputs
that met predefined evaluator thresholds in con-
trolled testing. In deployment settings (2,192 gener-
ations), all outputs similarly satisfied the threshold
on the first pass under the predefined rubric thresh-
old, indicating stable real-world performance of the
quality control mechanism. Taken together, these
results show that PathBuilder combines expert-
validated assessment, retrieval-grounded person-
alization, and LLM-based quality control into a
stable and scalable learning pipeline with measur-
able real-world impact.

5 Conclusion

We presented PathBuilder, a quality-controlled
LLM system for personalized learning that in-
tegrates expert-validated assessment, retrieval-
grounded instructional generation, and automated
judge-based validation within a unified deployment
pipeline. Unlike systems that rely solely on gen-
erative capability, PathBuilder embeds structured
curriculum modeling and quality control directly
into the personalization process.

Real-world deployment with 179 registered
users (75 matched learners) demonstrated substan-
tial learning gains, including a high normalized
gain (g = 0.760) and large effect size (d = 0.98).
The integration of over 1,000 expert-validated
LLM-generated questions into a 17,758-item as-
sessment bank further shows that controlled gener-
ative expansion can be reliably incorporated into
operational systems.

These findings suggest that closed-loop, quality-
controlled LLM architectures can enable scalable
personalization without sacrificing reliability. Fu-
ture work will evaluate the system with controlled
comparison groups and longitudinal tracking.

509



6 Limitations

Several limitations should be acknowledged.

First, the evaluation relies on a pre—post design
without a randomized control group. While statisti-
cally significant gains and large effect sizes were
observed, causal attribution to specific components
(e.g., retrieval grounding or judge-based validation)
cannot be fully isolated. Future work will include
controlled comparisons and ablation studies to dis-
entangle the contribution of individual modules.

Second, the deployment was conducted within a
specific curriculum domain and institutional con-
text. Although the system architecture is domain-
agnostic, generalization to other subject areas or
learner populations requires further validation.

Third, the LLM-as-a-Judge mechanism was eval-
uated using rubric-based scoring rather than inde-
pendent human evaluation of instructional outputs.
While the rubric enforces structured quality thresh-
olds, future work will incorporate external expert
audits of generated instructional content to further
assess reliability.

Finally, learner modeling is currently based on
structured diagnostic profiling without longitudi-
nal cognitive modeling (e.g., Bayesian knowledge
tracing across sessions). Incorporating temporal
student modeling may further enhance personaliza-
tion accuracy over extended learning trajectories.

7 Ethical Considerations

PathBuilder is designed for educational use and
incorporates multiple safeguards to mitigate risks
associated with LLM-generated content. All in-
structional materials are grounded in curated knowl-
edge sources through retrieval-augmented genera-
tion and pass an automated rubric-based validation
stage before delivery to learners. These safeguards
aim to reduce the risk of hallucinated or factually
incorrect content.

Assessment expansion includes expert review of
generated questions prior to deployment, ensuring
alignment with curriculum standards and reducing
the risk of misleading or low-quality evaluation
items.

Regarding learner data, the system operates
within institutional deployment guidelines. Only
performance-related data (e.g., diagnostic scores
and progression metrics) are stored for personaliza-
tion purposes. No sensitive personal data are used
for model training. Future work will further formal-
ize data governance and anonymization protocols

for larger-scale deployments.

We also acknowledge the broader ethical con-
cern that over-reliance on automated systems may
reduce instructor oversight. PathBuilder is intended
as a supplemental instructional tool rather than a
replacement for human educators. Human supervi-
sion remains essential in high-stakes educational
contexts.

8 Demo and Availability

A live demonstration of PathBuilder is available at
https://demo.pathbuilderedu.com. The sys-
tem provides role-based access for students, teach-
ers, and administrators, allowing reviewers to ex-
plore the full end-to-end pipeline described in this
paper.

The system runs entirely through a web inter-
face and requires no local installation. The land-
ing page provides role-based access via a “Log in
as” selection (student, teacher, or administrator),
enabling reviewers to explore the corresponding
system functionalities.
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A Detailed Statistical Analysis of Learning Gains

This appendix provides detailed statistical results supporting the pre—post learning gains reported in
Section 4.2. The matched evaluation includes N = 75 learners and 2,192 matched pre—post assessment
pairs extracted from 7,809 total platform records.

A.1 Aggregate Results

Metric Value
Total Platform Records 7,809
Unique Students (Matched) 75
Matched Pre—Post Pairs 2,192
Mean Pre-Test Score 53.24%
Mean Post-Test Score 91.14%
Mean Absolute Gain 37.90 percentage points
Median Absolute Gain 30.00 percentage points
Mean Hake’s ¢ 0.760 (High Gain)
Pre-Test Proficiency (> 75%) 42.2%
Post-Test Proficiency (> 75%) 97.9%
Students Who Improved 94.7% (71/75)

Table 5: Aggregate learning outcomes across matched learners.

A.2 Student-Level Summary Statistics

The following table reports learner-level descriptive statistics computed across matched microtopics.
Hake’s g was defined for 73 learners (undefined in cases of ceiling effects).

Statistic Pre Mean Post Mean Abs Gain Hake’s g

Count 75.00 75.00 75.00 73.00
Mean 55.46 86.59 31.13 0.63
Std 24.99 7.59 24.12 0.30
Min 0.43 60.00 -20.00 -1.00
25% 40.56 82.40 13.38 0.57
Median 59.00 86.67 28.33 0.67
75% 72.25 90.84 42.69 0.82
Max 100.00 100.00 93.24 1.00

Table 6: Student-level summary statistics across matched microtopics.
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B System Transparency and Example Outputs

This appendix provides visual evidence of the deployed PathBuilder pipeline, and an example rendered

personalized lesson.

B.1 End-to-End System Architecture
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Figure 2: PathBuilder end-to-end system architecture. The pipeline integrates diagnostic profiling, microtopic
detection, retrieval-augmented generation, LLM-based quality control, and post-test validation within a closed

instructional loop.

B.2 Example Rendered Personalized Instruction
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Figure 3: Excerpt of a rendered personalized lesson generated via retrieval-augmented generation and validated by

the LLM-as-a-Judge prior to student delivery.
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