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Abstract

We present a reproducible pipeline that aligns CS1 textbook sec-
tions with problems from a public dataset via a Knowledge Compo-
nent (KC) -a single conceptual skill required for problem solving-
ontology. It assigns KCs to sections and problems, respects the pre-
requisite order to avoid inserting problems too early, and generates
tips for not-yet-taught concepts. We evaluate three KC assignment
strategies: embedding-only, embedding with a Large Language
Model (LLM) tie-breaker, and direct LLM assignment. We find di-
rect assignment matches or exceeds human annotators. Our re-
sults show that constrained LLMs can enrich CS1 textbooks with
curriculum-aware practice problems.
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1 Introduction and Related Work

LLMs enable new opportunities to align practice problems with cur-
ricula at scale. Recent work shows they can extract core concepts
and prerequisites from course materials [2], motivating KC-based
approaches. Earlier example insertion methods relied on shallow
features and ignored prerequisite order [4]. Meanwhile, CS edu-
cation research highlights growing use of LLMs for tutoring and
classification, with a need for interpretable controls [5, 7].

This work contributes a reproducible pipeline that assigns KCs
grounded in established CS1 literature [1, 3] to both textbook sec-
tions and CS1 problems from the public dataset, Standards, Proto-
cols, and Learning Infrastructure for Computing Education (SPLICE)
[6]. The system selects problems without violating the textbook’s
prerequisite order and generates short tips when problems involve
not-yet-taught concepts that are not central to the solution. By con-
trolling the order of problems, the pipeline demonstrates reliable,
curriculum-aware alignment of practice problems with textbooks.
In this poster, we examine two method-oriented questions:

RQ1: How can a unified KC ontology enable automatic, prerequisite-

aware matching between CS1 textbook sections and external prob-
lem banks?
RQ2: Among practical labeling strategies, which yields the most
consistent KC assignments relative to multiple human annotators?
The work presented in this paper was partially supported by the
National Science Foundation under Grant No. 2426839, 2426838,
2426837.

2 Method

(1) KC Ontology and Prerequisite Ordering: We construct a CS1
KC list from established literature [1, 3] and order it according
to the sequence in the textbook.

(2) Human Baseline: Three annotators labeled SPLICE problems
and textbook sections with KCs. Agreement was measured using
the standard, triple, and quadruple Dice index D, Ds, Dy.
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Textbook Section: 2.2.2 Pairs

To enable us to implement the concrete level of our data abstraction, Python provides a
compound structure called a list, which can be constructed by placing expressions within
square brackets separated by commas. Such an expression is called a list literal.

The elements of a list can be accessed in two ways. The first way is via our familiar method of
multiple assignment, which unpacks a list into its elements and binds each element to a
different name.

A second method for accessing the elements in a list is by the
element selection operator, also expressed using square brackets.

>»> pair = [10, 20] o 2 . . . .

25> pair Unlike a list literal, a square-brackets expression directly following

[10, 20] another expression does not evaluate to a list value, but instead

>>> x, y = pair selects an element from the value of the preceding expression.
> x
i0 Lists in Python (and sequences in most other programming
>y languages) are O-indexed, meaning that the index 0 selects the first
20 element, index 1 selects the second, and so on. One intuition that

supports this indexing convention is that the index represents how far
an element is offset from the beginning of the list.

The equivalent function for the element selection operator is called
getitem, and it also uses O-indexed positions to select elements from a
list.

>>> from operator

import getitem

>>> getitem(pair, 0)

10

>>> getitem(pair, 1) Iwo-element lists are not the only method of representing pairs in

20 Python. Any way of bundling two values together into one can be
considered a pair. Lists are a common method to do so. Lists can also
contain mare than two elements, as we will explore later in the chapter.

~

pe
Your Turn to Try!

| Construct a program that initializes a 3x4 two-dimensional matrix that has the numbers 1 through 12 for
entries, updates the last row to a list filled with 5s, then sets the left-most element in the middle row of the
| matrix to be 20, and finally prints the matrix.

Tip: A two-dimensional list is a list of lists, where each inner list represents a row in the matrix.

Interactive Terminal | sSoluton _ ]
matrix = [[ 1, 2z, 3, 4],
[s, s, 7, &1,

# Write your code here,
[e, 10, 11, 12]]
Reveal matrixf2] = [5, 5, 5, 5]
Solution matrix[1][0] = 20

# click submit to check your
print(matrix)

solution!
matrix = ...

Figure 1: Insertion of an example (blue) in textbook (white).
The activity instruction includes tip(s) for not-yet-taught
KCs (e.g., two-dimensional list).

(3) Textbook KC Extraction: We tested three assignment strate-
gies with increasing LLM involvement. We used MiniLM-L6-v2
for embeddings, GPT-40 for KC assignment.

(a) Algorithm 1 — Embedding-Only: Assign KCs by top cosine
similarity match of textbook section and KCs.

(b) Algorithm 2 — Embedding + LLM Tie-Breaker: Get the top
three embedding matches, ask the LLM to choose the best.

(c) Algorithm 3 — Direct LLM Assignment: Ask the LLM to
assign KCs directly.

(4) Problem KC Extraction: Each SPLICE problem is processed
by the LLM to identify relevant KCs and a single “target KC”.

(5) Matching: Candidate problems are filtered by prerequisite or-
der; an LLM judge then selects the best match and, when needed,
generates a short tip to bridge gaps.

3 Results and Discussion

RQ1 (KCs and prerequisite-aware matching). Human annota-
tors had moderate agreement on SPLICE problems (D € [0.35,0.44];
D5 = 0.40). Including LLM labels in the Dice calculation boosted
inter-labeler agreement to D3 € [0.50, 0.56], suggesting automated
assignment can act as a stabilizing “fourth annotator.” For textbook
sections, human agreement was higher (D € [0.79,0.81]; D3 = 0.72),
and SPLICE problems were successfully inserted without breaking
prerequisite order, generating short tips when needed (Figure 1).
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Figure 2: KC extraction vs human baseline (red = inter-labeler
Dice)

RQ2 (labeling strategy consistency). Figure 2 shows that algo-
rithmic match quality increases with LLM involvement: embedding-
only matched ~60% of human labels, embedding + LLM tie-breaker
~75%, and direct LLM assignment ~88%. These rates meet or ex-
ceed individual human consistency (~72%), demonstrating that
constrained LLM assignment produces reliable KC labels; moreover,
D, analysis confirmed significant four-way agreement in 81.6% of
sections (p < 0.05, D4 = 0.65).

Together, these findings show that the KC-first pipeline respects
prerequisite order (MQ1) and that direct LLM assignment is the
most dependable strategy for KC extraction (MQ2).

4 Limitations and Future Work

This work centers on pipeline design, not classroom use. Manual
prerequisite ordering may not transfer across curricula, and we as-
sume one “target KC” per problem. Future work will extend to other
CS1 variants, textbooks, and problem types (e.g. natural language
and conceptual exercises), and will evaluate at scale with students
and instructors to assess pedagogical value and generalizability.
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