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Abstract

Medical education resources are dense for
common diseases but often sparse for under-
covered conditions, atypical presentations, and
fine-grained concept distinctions. This creates
curriculum gaps that are difficult to repair man-
ually, especially in long-tail domains where
structured teaching materials are limited. We
introduce Curriculum-Gap Completion (CGC),
a new task for Large Language Model (LLM)-
based medical education in which a model re-
constructs missing educational units from a
partially specified curriculum graph. Given
topic nodes, pedagogical relations, and struc-
tured teaching slots, the model predicts omitted
concepts, restores missing instructional links,
and completes automatically verifiable teaching
content. We instantiate this setting in a long-
tail medical case study (hyperhidrosis) and
evaluate five LLMs under three methods: di-
rect prompting, retrieval-augmented prompting,
and our proposed Structure-Aware Curriculum-
Gap Completion (SACGC) framework. Across
models, SACGC achieves the strongest overall
performance, with the largest gains on struc-
turally demanding masking settings. Ablation
results show that explicit graph structure is the
most important component, while schema con-
straints provide additional benefit. These find-
ings suggest that LLLMs are better suited for
reconstructing an under-specified educational
structure than for unrestricted medical tutoring,
and they motivate CGC as a new natural lan-
guage processing (NLP) problem for healthcare
education.

1 Introduction

Medical education is necessarily selective: cur-
ricula devote substantial attention to common dis-
eases, canonical presentations, and core manage-
ment patterns, while more limited space is avail-
able for under-covered conditions, atypical presen-
tations, and fine-grained distinctions that sit in the
clinical long tail (Helderman et al., 2024). This im-
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balance has practical consequences. In rare-disease
and underrepresented-condition education, recent
studies have documented persistent gaps in learner
awareness, sparse curricular exposure, and calls for
more systematic early teaching rather than isolated
exposure later in training (Huynh et al., 2025).

At the same time, LLMs are rapidly entering
medical education. Recent reviews describe grow-
ing use of LL.Ms for tutoring, content generation,
assessment support, and virtual patients, and they
suggest that these systems can improve access to
educational materials and interactive learning sup-
port (Zhang et al., 2025). However, the same re-
views also highlight recurring limitations: unstable
factual grounding, weak control over reasoning
quality, and uncertainty about how these systems
should be integrated into structured learning rather
than open-ended question answering alone (Lucas
et al., 2024a).

A second limitation is methodological. Much of
the recent medical LLM literature evaluates perfor-
mance through exam-style question answering or
final-answer accuracy (Lin and Wei-Kocsis, 2025).
Although these settings are useful, they do not di-
rectly capture whether a model can support cur-
riculum design, recover missing prerequisite struc-
ture, or expand educational coverage in domains
where teaching material is sparse. Recent analyses
in clinical reasoning and benchmark design have
explicitly argued that high benchmark scores can
mask reasoning failures and that final-answer eval-
uation alone is often insufficient for understanding
model behavior in medically meaningful settings
(McCoy et al., 2025). In this paper, we argue that
an important and underexplored use of LLMs in
healthcare education is CGC. Instead of treating the
model as an unrestricted tutor, we ask whether it
can help recover missing educational structure from
a partially specified curriculum: omitted concepts,
missing prerequisite links, and missing contrastive
teaching units. This framing is motivated by a sim-
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Figure 1: Comparison of three approaches for CGC. Direct Prompt relies on incomplete contexts and produces
unstructured outputs. RAG augments context with retrieved evidence but remains text-based. In contrast, Structure-
Aware CGC conditions on explicit curriculum graph structure and schema constraints, enabling structured and
verifiable completion of missing concepts, relations, and teaching units.

ple educational observation: long-tail domains are
often not entirely absent from curricula, but they
are frequently under-connected, under-sequenced,
or weakly scaffolded. A system that can repair
those missing links may be more useful than one
that only answers isolated questions.

To operationalize this idea, we introduce CGC
for medical education, a new task in which an LLM
receives a partial curriculum structure and must
reconstruct missing educational units in automati-
cally verifiable forms. Our framing draws on prior
work in educational knowledge graphs and concept-
graph learning, where prerequisite structure and
concept relations are treated as central to learning
progression, but adapts these ideas to long-tail med-
ical education and LL.M-based reasoning (Liang
et al.,, 2015).

We instantiate this setting in a long-tail medical
case study and study whether LLMs can recover
missing concepts and instructional relations more
effectively when reasoning over partial curriculum
structure than when answering in a direct prompt-
based manner. This task is appealing for medical
NLP because it is educationally meaningful, au-
tomatically evaluable, and distinct from conven-
tional medical QA. Rather than asking whether a
model knows the final answer to a question, we
ask whether it can help reconstruct what should be
taught, in what order, and through which concep-
tual distinctions.

Our work makes three contributions. First, we
formulate CGC as a new NLP task for healthcare

education. Second, we propose SACGC, a struc-
tured framework for recovering missing curriculum
units, prerequisite relations, and teaching attributes
from partial curriculum graphs. Third, we provide
an automatically verifiable evaluation setting in a
long-tail medical domain and show that structure-
aware completion offers a more suitable use of
LLMs for under-covered educational content than
unrestricted medical tutoring.

2 Related Work

2.1 LLMs in the Medical Domain and
Medical Education

LLMs have been studied broadly across the med-
ical domain, including clinical question answer-
ing (Lucas et al., 2024b), diagnostic support (Tre-
tow et al., 2025; Lin and Wei-Kocsis, 2025), rea-
soning assistance (Goh et al., 2024), summariza-
tion (Balde et al., 2025), and patient-facing commu-
nication (Diego et al., 2026). Much of this literature
has focused on benchmark performance on medi-
cal exams, licensing-style questions, and structured
clinical tasks, often showing strong surface-level
performance while also raising concerns about hal-
lucination, calibration, and weak evidence ground-
ing (Singhal et al., 2025; Wang et al., 2025). More
recent evaluations have argued that strong bench-
mark scores do not necessarily reflect robust clin-
ical reasoning or safe real-world use, especially
when tasks are dominated by common conditions
and final-answer metrics (McCoy et al., 2025).
Within medical education, LLMs have been in-
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creasingly explored for tutoring, question genera-
tion, feedback, content drafting, learner support,
and virtual patient simulation. Recent reviews sug-
gest that these models can improve access to learn-
ing resources and support interactive educational
workflows, but they also highlight recurring lim-
itations such as factual instability, difficulty con-
trolling pedagogical structure, and the lack of clear
integration into curriculum design (Lucas et al.,
2024a; Vrdoljak et al., 2025). Existing educational
uses are therefore centered largely on assisting iso-
lated learning activities, rather than repairing miss-
ing curriculum structure in under-covered domains.

Our work differs from this line of research in
two ways. First, we do not study unrestricted tutor-
ing or free-form educational generation. Second,
we focus on long-tail medical knowledge and ex-
periment on a case study for hyperhidrosis, which
is relatively under-recognized in clinical practice
and often lacks systematic coverage in medical
education despite its clinical relevance (Lin and
Fang, 2022). Here, the main challenge is often not
answering a single question but identifying what
concepts and relations are missing from a coher-
ent learning sequence. This makes our problem
formulation closer to curriculum modeling than to
conventional medical QA.

2.2 Curriculum Structure, Prerequisite
Modeling, and Educational Knowledge
Graphs

Curriculum mapping has long been used in health
professions education to identify omissions, redun-
dancies, and sequencing problems in instructional
programs (Komenda et al., 2015). In parallel, edu-
cational data mining and NLP have studied prereq-
uisite learning as a structured prediction problem,
where concepts are connected by dependency rela-
tions that shape learning order and instructional pro-
gression (Liang et al., 2015; Watson et al., 2020).
This work has motivated the use of concept graphs
and educational knowledge structures to support
learning analytics, content sequencing, and instruc-
tional planning.

Despite this progress, prior prerequisite and
curriculum-graph work has largely been developed
for general educational settings or broad scientific
domains, rather than for healthcare education and
the medical long tail. In medicine, the problem is
especially important because under-covered condi-
tions and atypical distinctions are often not entirely
absent from curricula, but weakly connected to pre-

requisite concepts or downstream teaching units.
This makes long-tail medical education a natural
setting for structure-aware completion rather than
only content generation.

Our work builds on the intuition from curricu-
lum mapping and prerequisite modeling that edu-
cational quality depends not only on what is taught,
but also on how concepts are connected. We extend
this perspective to LLM-based medical education
by formulating missing educational content as a
recoverable graph-structured object and by design-
ing automatically verifiable completion tasks over
partially observed curriculum structures.

3 Problem Formulation

Medical curricula are constrained by time and con-
tent overload, which makes complete and well-
sequenced coverage difficult in practice. This prob-
lem is especially visible in the long tail of medicine,
where under-covered conditions, atypical presenta-
tions, and fine-grained distinctions are more likely
to appear as omissions or weak prerequisite links
than as completely absent topics. Curriculum map-
ping has long been used to expose such structural
gaps in health professions education, while educa-
tional NLP has studied prerequisite relations as a
formal dependency structure between concepts.
We formalize CGC as a structured prediction
task over a partially observed curriculum graph.
Let a curriculum be represented as a directed graph

Gg=MV¢A),

where V is a set of curriculum units, £ C V x V
is a set of directed prerequisite or instructional-
support relations, and A denotes node attributes
such as learning objectives, evidence passages, con-
cept type, or assessment items.

Each node v € V corresponds to a fine-grained
educational unit, for example, a disease concept, a
subtype distinction, a red-flag pattern, or a manage-
ment principle. Each edge (u, v) € £ indicates that
mastering u is pedagogically useful or necessary
before v.

In the CGC task, the model is given an incom-
plete curriculum graph

G=V.E A
obtained by masking a subset of nodes, edges, or

node attributes from the full graph G. The goal is
to recover the missing curriculum content

A={V\V, E\E, A\ A},
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Figure 2: A Demonstration of the workflow of CGC task on a node recovery task (bridge masking). Top: The node
primary hyperhidrosis is masked from the reference graph, breaking the learning path from symptom patterns to
treatment. Middle: Three prompting conditions receive the same task. Direct and RAG lack structural context;
SACGTC sees typed edges and neighbor metadata. Bottom: Only SACGC correctly infers the missing concept by

reasoning over the graph topology.

subject to structural and semantic constraints.

We consider three concrete subtasks.

First, missing concept recovery predicts omit-
ted curriculum units from local graph context and
source evidence. Formally, given a masked neigh-
borhood N (v), the system predicts the missing
node 9.

Second, prerequisite relation completion pre-
dicts whether a directed edge should exist between
two nodes. This is a binary or multiclass edge
prediction task.

Third, teaching-unit completion fills structured
node attributes such as learning objective, con-
trastive distinction, common misunderstanding,
and assessment item. Unlike unrestricted gener-
ation, these outputs are schema-constrained and au-
tomatically checkable against held-out gold fields.

The central hypothesis is that long-tail educa-
tional gaps are more naturally modeled as miss-
ing structure than as isolated question answering.

Rather than asking whether a model can answer
a medical question, CGC asks whether it can re-
construct what should be taught, how it should be
connected, and what minimal additions restore a
coherent learning path.

4 Overview of SACGC Model

As shown in Figure 1, our proposed SACGC frame-
work solves curriculum repair through structure-
aware prompting and schema-constrained predic-
tion. Given a partially observed curriculum graph
G, SACGC predicts the missing unit by condition-
ing on its local pedagogical context rather than
treating the instance as an isolated text problem.
The framework is designed to preserve two proper-
ties of the task: explicit curriculum structure during
inference and deterministic verification at output
time.
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4.1 Local Curriculum Context Construction

For each masked target, SACGC first extracts a
local subgraph centered on the missing node, edge,
or attribute. This context includes the visible neigh-
boring units, their concept types, and any surviving
pedagogical relations. The resulting neighborhood
serves as a compact curriculum state that identi-
fies what is already known and what remains to be
reconstructed.

This step is important because the missing tar-
get is often ambiguous without local instructional
structure. For example, the same medical concept
may play different pedagogical roles depending
on whether it appears between symptom descrip-
tion and subtype distinction, or between subtype
distinction and management. SACGC grounds its
prediction in the position of the missing content
within the curriculum graph, not only in its textual
description.

4.2 Structure-Aware Prompting

SACGC converts each local curriculum context
into a task-specific prompt. The prompt explic-
itly exposes the information needed for structured
recovery: visible neighboring nodes, node types,
available edge labels, and the required prediction
format.

For missing concept recovery, the prompt de-
scribes the masked neighborhood and asks the
model to infer the omitted curriculum unit. For pre-
requisite relation completion, the prompt presents
two nodes together with their surrounding con-
text and requires one label from a closed set such
as prerequisite, support, contrastive. For
teaching-unit completion, the prompt specifies
the target node and requests a fixed schema, such
as learning objective, key distinction, and miscon-
ception to avoid.

Unlike direct prompting, SACGC does not ask
the model to answer a medical question in isolation.
Instead, it asks the model to reconstruct a missing
curriculum object within an explicit pedagogical
structure.

4.3 Schema-Constrained Prediction

A central design choice in SACGC is that outputs
are constrained to automatically verifiable forms.
Node predictions are normalized to canonical con-
cept identifiers, edge predictions are restricted to a
closed relation inventory, and teaching-unit gener-
ation is limited to a predefined slot schema. This

reduces ambiguity at both inference and evaluation
time.

These constraints are not only technical conve-
niences. They also align the model with the goal
of curriculum repair. In this setting, a fluent an-
swer is not sufficient unless it can be mapped back
to a concrete educational unit, relation, or struc-
tured teaching field. Schema constraints encourage
the model to produce outputs that are curriculum-
compatible rather than merely plausible.

4.4 Inference Objective

Given a masked target z and its serialized local
curriculum context, SACGC predicts

zZ= 9o ((b(é, Z))a

where ¢(G, z) denotes the structure-aware prompt
constructed from the partial graph and gy is the
underlying LLM. Depending on the task, Z may
be a missing node, an edge label, or a structured
attribute set. The output is then normalized into its
canonical representation before evaluation.

In this way, SACGC treats curriculum repair
as structured completion over partial instructional
graphs. The framework is intended to recover not
only missing content, but missing pedagogical orga-
nization, which is especially important in long-tail
medical education, where weak sequencing and ab-
sent conceptual bridges often matter as much as the
content itself.

S Experiments

5.1 Experimental Setup

We evaluate the CGC task on a case study domain
of hyperhidrosis, a long-tail medical topic with
fine-grained distinctions and limited coverage in
standard benchmarks. The workflow is illustrated
in Figure 2. We construct a reference curriculum
graph with 50 nodes (concepts) and 59 edges (rela-
tions) following a two-phase annotation process. In
the first phase, node candidates were identified by
reviewing ten publicly available medical education
resources on hyperhidrosis, including clinical re-
view articles and guideline-style summaries, which
form our evidence bank of 73 text chunks. Each
node was required to correspond to a distinct, name-
able instructional unit. In the second phase, edges
were assigned according to a fixed rubric based
on the three relation types defined in Section 4.
Node attributes were written to be faithful to source
documents and cross-checked against the evidence
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Model Direct

RAG SACGC (Ours)

Overall Random Long-tail Bridge Overall

Random

Long-tail Bridge Overall Random Long-tail Bridge

Llama-3.1-8B-Instruct  0.3043-0.050 0.3184-0.147 0.367+0.229 0.31140.184 0.31640.084
Qwen2.5-7B-Instruct 0.28940.095 0.21940.072 0.13630.042 0.34040.169 0.50640.059
Llama-3.1-70B-Instruct  0.425:£0.064 0.247£0.100 0.283£0.149 0.524+0.215 0.523£0.072
Qwen2.5-72B-Instruct ~ 0.499:£0.059 0.414:£0.065 0.335£0.169 0.550-£0.174 0.471£0.046
GPT-40 0.43440.099 0.316+0.050 0.341+0.070 0.455+0.172 0.437+0.067

0.19340.062 0.22840.108 0.400+0.130 0.496+0.035 0.567+0.125 0.323+0.136 0.585+0.117
0.40940.064  0.31020.028 0.5884-0.189 0.6021+0.146 0.62410.057 0.4551+0.053 0.6141-0.206
0.37840.050 0.29440.156 0.64240.017 0.642+0.129 0.4701+0.216 0.601+0.174 0.73710.069
0.45440.124  0.23440.082 0.50340.028 0.595+0.138 0.56810.130 0.370+0.050 0.667+0.122
0.39440.086 0.30140.038 0.52740.087 0.698+0.089 0.606+0.092 0.512+0.093 0.731+0.081

Table 1: Main comparison across five LLMs. For each LLM, we compare Direct, RAG, and SACGC using the
aggregate CGC-Score (mean =+ std). Under each method, we report the overall score and the scores under the three

masking settings: Random, Long-tail, and Bridge.

Model Direct

RAG SACGC (Ours)

Node Acc Edge F1 Slot F1 Path EM Node Acc

Edge F1 Slot F1

Path EM Node Acc Edge F1 Slot F1 Path EM

Llama-3.1-8B-Instruct ~ 0.093+£0.081 0.486+0.166 0.136+0.021 0.44440.385 0.11130.096
Qwen2.5-7B-Instruct 0.53740.142  0.7931+0.297 0.17940.006 0.83340.289 0.46340.038
Llama-3.1-70B-Instruct  0.130£0.116 0.870£0.224 0.176+0.012 0.83340.289 0.25940.160
Qwen2.5-72B-Instruct ~ 0.519:£0.028 0.485£0.150 0.167:£0.002 0.000-£0.000 0.444+0.160
GPT-40 0.13040.116  0.8704£0.224 0.1760.012 0.833+0.289 0.259+0.160

0.61540.309 0.16510.030 0.77840.385 0.55640.096 0.651+0.056 0.143+0.014 0.889+0.192
0.8731+0.219 0.18740.028 0.889+0.192 0.778+0.192 0.883+0.208 0.1640.021 0.611+0.347
0.66410.143  0.18820.020 1.00040.000 0.83310.167 0.87710.214 0.17420.012 1.0002-0.000
0.59410.314  0.17420.019 0.16710.289 0.5374+0.112 0.49640.106 0.16940.017 0.0004-0.000
0.66410.143  0.188+0.020 1.0004-0.000 0.83310.167 0.87710.214 0.17440.012 1.0001-0.000

Table 2: Overall metric breakdown across five LLMs and three methods (mean =+ std).

bank. Each node is associated with structured at-
tributes (e.g., learning objective, key distinction,
misconception) and linked evidence snippets from
a curated evidence bank for the RAG method.

To simulate curriculum incompleteness, we gen-
erate masked graphs G by removing nodes, edges,
or attributes. We consider three masking regimes:
Random, Long-tail, and Bridge. Random mask-
ing removes nodes or edges uniformly at random
and serves as a general completion setting. Long-
tail masking preferentially removes low-frequency
or distinction-heavy concepts, simulating realistic
under-coverage in medical curricula. Bridge mask-
ing removes intermediate prerequisite units and
tests restoration of coherent learning paths.

5.2 Tasks

We evaluate three core tasks: (1) Concept recov-
ery: predict missing curriculum nodes from lo-
cal graph context; (2) Relation completion: pre-
dict edge labels from a closed set (prerequisite,
support, contrastive, none); (3) Slot comple-
tion: fill structured attributes (e.g., learning ob-
jective, key distinction). We additionally evaluate
path restoration on a subset of bridge-masked
instances.

5.3 Models

We compare three settings: Direct: prompt
the model with incomplete curriculum context;
RAG: augment context with retrieved evidence;
SACGC (ours): provide graph-structured context
and schema-constrained prompts. All outputs are
normalized to canonical forms before scoring.

5.4 Evaluation Metrics

All tasks are evaluated with deterministic metrics.
We report: Node Acc for concept (node) recovery;
Edge F1 for relation (edge) completion; Slot F1 for
attribute completion; Path EM (Exact Match) for
path restoration. We also report a combined score:
CGC-Score = 0.35 NodeAcc + 0.30 EdgeF1 +
0.25 SlotF1 + 0.10 PathEM. Weights are set pro-
portional to task centrality and metric reliability; all
component metrics are also reported individually.

5.5 Ablation

We study two ablations of SACGC: (1) w/o Graph:
remove structured neighborhood information; (2)
w/o Schema: replace constrained outputs with free-
form generation.

5.6 Hypotheses

We test three hypotheses: (H1) SACGC improves
structured recovery over Direct and RAG, espe-
cially under long-tail and bridge masking; (H2)
retrieval alone is insufficient for curriculum recon-
struction; (H3) both graph context and schema con-
straints are necessary for strong performance.

6 Results

6.1 Main Comparison Across LLMs and
Methods

Table 1 reports the primary comparison across five
LLMs under Direct, RAG, and SACGC. The main
result is clear: SACGC achieves the best overall
CGC-Score for all five models. This pattern holds
across both smaller and larger models, indicating
that curriculum-aware completion is beneficial be-
yond any single model family or scale.
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Model

SACGC

SACGC w/o Graph

SACGC w/o Schema

Overall

Random

Long-tail

Bridge

Overall

Random

Long-tail

Bridge

Overall

Random

Long-tail

Bridge

0.4961-0.035
0.60210.146

Llama-3.1-8B-Instruct
Qwen2.5-7B-Instruct

Llama-3.1-70B-Instruct  0.642:£0.129
0.59540.138

0.6981-0.089

Qwen2.5-72B-Instruct
GPT-40

0.56740.125
0.62410.057
0.47040.216
0.56810.130
0.60610.092

0.32310.136
0.45540.053
0.601+0.174
0.37040.050
0.51240.093

0.58540.117
0.61410.206
0.73740.069
0.66710.122
0.73140.081

0.32940.101
0.50620.060
0.5224+0.072
0.483£0.031
0.454+0.081

0.19340.062
0.4094-0.064
0.37740.051
0.51440.152
0.3964-0.083

0.2514+0.085
0.3102£0.028
0.293£0.156
0.227+£0.072
0.326+0.044

0.40040.130
0.58840.189
0.64140.016
0.50340.028
0.53840.078

0.289+0.024
0.498+0.022
0.591£0.056
0.605£0.189
0.622+0.077

0.3461-0.267
0.4584-0.154
0.528+0.125
0.56540.147
0.56340.090

0.24040.139
0.46840.249
0.56040.156
0.53510.192
0.4754:0.090

0.3594-0.142
0.51140.067
0.65040.173
0.57540.210
0.61140.025

Table 3: Ablation study for the proposed SACGC model. We compare the full SACGC model against SACGC w/o
Graph and SACGC w/o Schema. Each cell reports the aggregate CGC-Score (mean =+ std) for the overall setting

and for each masking type.

The gains are especially pronounced for stronger
models. On GPT-40, SACGC improves the over-
all score from 0.434 under Direct and 0.437 under
RAG to0 0.698. Similar gains appear for Llama-3.1-
70B-Instruct, where SACGC reaches 0.642, com-
pared with 0.425 for Direct and 0.523 for RAG.
Qwen2.5-72B-Instruct and Qwen2.5-7B-Instruct
show the same pattern, with SACGC outperform-
ing both baselines overall. Even on Llama-3.1-
8B-Instruct, where the absolute scores are lower,
SACGC remains the strongest setting.

A second important pattern appears in the
masking-specific results. SACGC performs particu-
larly well under Bridge masking, which is the most
structurally demanding setting because it requires
recovering missing intermediate prerequisite units
rather than only local content. For all five models,
the best Bridge score is achieved by SACGC. This
is important because Bridge masking most directly
reflects the motivating educational problem in this
paper: long-tail curricula are often incomplete, not
because concepts are entirely absent, but because
conceptual bridges and prerequisite links are miss-
ing.

SACGC also performs strongly under Random
masking, again achieving the best score for every
model. On Long-tail masking, SACGC is best in
four out of five models and is only slightly below
Direct on Llama-3.1-8B-Instruct. Overall, these
results suggest that curriculum-aware prompting is
especially valuable when the missing content has
structural importance, and that its benefits general-
ize across different model families.

Finally, the comparison with RAG is informative.
Although RAG is often stronger than Direct, it does
not match SACGC consistently. This suggests that
evidence access alone is not sufficient for this task.
What matters is not only providing the model with
more text, but guiding it with explicit curriculum
structure so that it can infer what educational unit
is missing and how that unit should connect to the
rest of the learning path.

6.2 Metric Breakdown

Table 2 breaks the overall score into its four com-
ponents: node accuracy, edge macro-F1, slot token-
F1, and path exact match. This analysis clarifies
where the gains from SACGC come from.

The most consistent improvements appear in
Node ACC, Edge F1, and Path EM. For GPT-4o,
SACGC reaches 0.833 node accuracy, 0.877 edge
macro-F1, and 1.000 path exact match. Llama-3.1-
70B-Instruct shows the same pattern, with SACGC
producing the strongest values on all three of these
metrics. Qwen2.5-7B-Instruct also benefits sub-
stantially from SACGC, especially on node accu-
racy and edge macro-F1. These trends indicate that
the main strength of the proposed framework lies
in reconstructing curriculum structure: identifying
missing concepts, recovering pedagogical relations,
and restoring coherent instructional paths.

In contrast, slot F1 remains relatively low across
all methods and all models. Even when SACGC
gives the best overall score, its advantage on slot
completion is small, and in several cases, RAG
is slightly stronger on this metric. This shows
that structured teaching-unit generation remains
the hardest component of the task. Recovering a
missing node or edge is easier than generating a
compact but educationally appropriate textual slot,
such as a learning objective or misconception field.
We therefore view slot completion as an open chal-
lenge rather than a fully solved part of the frame-
work.

The metric breakdown also helps explain why
SACGC improves the overall score even when the
slot gains are modest. Since CGC-Score com-
bines node recovery, edge recovery, slot quality,
and path restoration, improvements in structural
metrics can outweigh smaller differences in slot
token-F1. This matches the intended use of the
framework: SACGC is designed primarily to re-
pair missing curriculum structure, not to maximize
unrestricted text generation quality.

A final observation is that stronger models ben-
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efit more clearly from structure-aware comple-
tion. GPT-40 and Llama-3.1-70B-Instruct show the
most complete improvements across metrics, while
smaller models exhibit gains that are more selec-
tive. This suggests that curriculum-aware prompt-
ing does not replace model capability, but instead
gives stronger models a better inductive bias for
recovering missing educational structure.

6.3 Ablation Study

Table 3 evaluates two ablations of the proposed
method: SACGC w/o Graph and SACGC w/o
Schema. These experiments isolate the contribu-
tion of the two main design choices in our frame-
work: explicit curriculum structure and schema-
constrained generation.

Removing graph structure causes a substantial
performance drop in most cases. The effect is
particularly large for GPT-40, where the overall
score falls from 0.698 to 0.454, and for Llama-3.1-
70B-Instruct, where it drops from 0.642 to 0.522.
Llama-3.1-8B-Instruct shows a similarly clear de-
cline, from 0.496 to 0.329. These results show
that the graph is not merely a convenient repre-
sentation; it provides useful structural information
that the model relies on to recover missing cur-
riculum content. The same pattern is visible un-
der Bridge masking, where the full SACGC model
consistently outperforms the graph-ablated version.
This is strong evidence that explicit curriculum
structure is central to the success of the method.

Removing schema constraints also hurts per-
formance, but the effect is somewhat more vari-
able across models. For Llama-3.1-8B-Instruct,
the score drops from 0.496 to 0.289, showing that
structured output formats are particularly helpful
for weaker models. GPT-40 and Llama-3.1-70B-
Instruct also decline without schema constraints,
although the degradation is smaller than in the no-
graph setting. For Qwen2.5-72B-Instruct, however,
the no-schema variant is slightly stronger overall
than the fully constrained model. This suggests that
schema constraints are generally useful for stabiliz-
ing structured generation, but their effect depends
more on model family than graph structure does.

Taken together, the ablations indicate that graph
structure is the more important component of
the proposed framework. Schema constraints are
also beneficial in most cases, but they play a sec-
ondary role relative to the explicit representation of
instructional units and pedagogical links. This find-
ing is important because it strengthens the main

claim of the paper: the core gain from SACGC
does not come only from output formatting, but
from treating missing educational content as miss-
ing curriculum structure.

Overall, the ablation results confirm that both
components contribute to performance, but they
do so differently. Graph structure provides the
strongest and most stable gains, especially on struc-
turally demanding masking settings, while schema
constraints improve the reliability of structured out-
puts and are most helpful for models with weaker
instruction following.

7 Conclusion

We introduced CGC as a new NLP task for medical
education. Instead of treating LLMs as unrestricted
tutors, our framework models under-covered edu-
cational content as missing curriculum structure:
omitted concepts, broken pedagogical links, and
incomplete teaching units. Across five LLMs, the
proposed SACGC framework consistently outper-
formed direct prompting and retrieval-augmented
prompting in overall score, with especially strong
gains on structurally demanding settings. Abla-
tion results further showed that explicit curriculum
graph structure is the main source of improvement,
while schema constraints provide additional sup-
port for reliable structured generation.

These results suggest that LLMs may be most
useful in medical education not as free-form tutors,
but as tools for repairing incomplete instructional
structure in long-tail domains. While this study
focuses on a single domain, the CGC framework
is domain-agnostic: applying it to a new long-tail
medical topic requires only a domain-specific cur-
riculum graph and a linked evidence bank. Future
work will explore automated graph construction
and multi-domain evaluation to reduce annotation
overhead and broaden coverage. More broadly, our
work identifies CGC as a practical and automati-
cally evaluable direction at the intersection of NLP,
medical education, and knowledge organization.

8 Limitations

Our study has several limitations. First, we evalu-
ate the framework on a single case-study domain,
which limits claims about cross-domain general-
ization, though the framework formulation and
pipeline are not specific to hyperhidrosis. Sec-
ond, the reference curriculum graph is manually
designed, so the choice of instructional units and
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prerequisite relations reflects modeling decisions
that other educators may define differently. Third,
our evaluation focuses on automatically verifiable
outputs. This improves reproducibility, but it does
not capture broader pedagogical qualities such as
explanatory richness, learner engagement, or down-
stream learning gains.

In addition, completion performance depends on
the quality and coverage of the evidence bank. In
long-tail domains, sparse or uneven source mate-
rial may constrain both retrieval and generation.
Finally, our framework is intended as a structured
support tool for curriculum analysis and repair, not
as an autonomous medical educator or a substitute
for expert-designed instruction.
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