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Abstract

Knowledge tracing is a method to model students’ knowledge and
enable personalized education in many STEM disciplines such as
mathematics and physics, but has so far still been a challenging task
in computing disciplines. One key obstacle to successful knowledge
tracing in computing education lies in the accurate extraction of
knowledge components (KCs), since multiple intertwined KCs are
practiced at the same time for programming problems. In this paper,
we address the limitations of current methods and explore a hybrid
approach for KC extraction, which combines automated code pars-
ing with an expert-built ontology. We use an introductory (CS1)
Java benchmark dataset to compare its KC extraction performance
with the traditional extraction methods using a state-of-the-art
evaluation approach based on learning curves. Our preliminary re-
sults show considerable improvement over traditional methods of
student modeling. The results indicate the opportunity to improve
automated KC extraction in CS education by incorporating expert
knowledge into the process.
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1 Introduction

Student modeling is critical for personalized learning, as it al-
lows intelligent educational systems to track the changing level
of student knowledge and provide knowledge-adaptive support
when needed [34]. The majority of student modeling approaches
model learning knowledge on the level of individual concepts and
skills, which are typically referred to as knowledge components or
KCs [1, 15, 29, 36]. Personalized learning systems based on KC-level
modeling achieved success in helping students learn in multiple
STEM disciplines such as math [27] and physics [35].

The majority of past research on domain modeling, including
math and physics, uses domain experts to construct domain models
(i.e., a set of domain KCs) and to identify KCs in student answers (i.e.,
associate a problem solution or a step in this solution with specific
KCs). However, the expert-based manual approach to domain mod-
eling and KC identification has been challenging for domains when
KCs are intertwined, such as computing education [13]. Not surpris-
ingly, most domain modeling approaches in the domain of learning
programming use automatic KC modeling and identification ap-
proaches ranging from data-driven KC discovery approaches [31]
to extracting KCs from abstract syntax trees (AST) produced by
parsing student code submissions [28].

However, the research on automatic KC modeling and identi-
fication in learning programming faces two challenges. The first
challenge is fitness to expected KC properties (see Section 2). For
example, the modeled KCs typically suffer from a low fit in the
learning curves [4, 28, 31]. The second challenge is that data-driven
extracted KCs often lack interpretability. One example is that
while the KCs extracted recently fit the two KC properties [31],
they cannot be interpreted as meaningful parts in students’ code.
Recent works have explored methods to solve these two challenges;
however, they have yet to achieve a balance of fitness and inter-
pretability [30].

In this paper, we explore the feasibility of combining expert-
driven KC modeling approaches, known for their good interpretabil-
ity, with the scaling-up power of automatic modeling to address
both the fitness and interpretability challenges. The idea of our
approach is to combine an expert-built ontology of semantically
important Java concepts with AST-driven KC extraction from Java
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programs. Our method uses traditional ASTs to automatically ex-
tract expert-defined ontology KCs, addressing the challenge of inter-
pretability. To assess the value of this combination, we use a recently
suggested approach [4] to build learning curves from a dataset of
student code submissions. As a source of submissions, we use a
popular benchmark dataset, which has been used in the CSEDM
Challenge [24]. Our research question is: How do student models
using ontology KCs compare to student models using AST-based KCs
in fitness and predictive power, while still being interpretable?

The experimental results presented in this paper show that com-
pared to the traditional AST parser, the ontology KCs demonstrate
a much higher improvement over the naive single KC baseline for
all problems, addressing the fitness challenge. Finally, the ontology
KCs show significantly better predictive performance for new prob-
lems compared to other KC models, pointing to the success of the
student model. Our preliminary work presents promising results for
this hybrid approach, highlights the importance of expert knowl-
edge for accurate student modeling, and provides implications for
future work on knowledge tracing with expert-generated models.

2 Related Work

The Knowledge-Learning-Instruction (KLI) framework [15] uses the
term knowledge components (KCs) to describe pieces of cognition
or knowledge (e.g. concepts, principles, facts, or skills). KCs are
used extensively in different domains as a foundation for student
modeling and personalization. For example, a KC could be a word
in a new language, a formula to calculate the area of a circle, or the
value of the gravitational acceleration [15]. In each of these cases, a
personalized learning system attempts to maintain an independent
estimate of student knowledge of each of these KCs and uses it to
support various types of adaptation.

To serve as an effective foundation for student modeling, KCs
have to satisfy two key criteria: cognitive validity and predictive
validity. Cognitive validity assesses whether KC represents elemen-
tary fragments of domain knowledge by examining learning curve
fitness. Learning curves are built by analyzing problem-solving logs
of students practicing a set of KC by solving a sequence or problems.
Since every opportunity to solve a problem that requires an applica-
tion of a KC is also an opportunity to master the KC, the error rate
on the level of individual KCs should decrease with practice. For
cognitively valid KCs, this drop in error rate follows an exponential
rate form (i.e. exponentially decreasing learning curves) [3, 33].
Predictive validity assesses whether a student model built on top of
KCs correctly predicts student’s problem-solving performance or
test results [9]. These two data-driven properties are the keys to our
ability to compare performance of several alternative models in the
same domain. In turn, this ability supported research on continuous
identification and revision of KCs across disciplines [3, 22, 28].

In the domain of learning programming, the ability to compare
domain models is especially important since the majority of domain
modeling efforts use automatic KC modeling and identification
rather than engaging domain experts [28, 31]. Not surprisingly,
recent research on student modeling for programming [5, 28, 31]
started to use this exponential rate property of learning curves as
one of the measures for the validity of KCs.
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Two of the most popular approaches for automatic KC model-
ing are data-driven KC discovery approaches [31] and AST-based
KC extraction approaches [28]. Data-driven approaches use large
volume of student data to find best-fitting KCs. However, KC candi-
dates obtained through these approaches may be harder to interpret.
For instance, in [31], KCs are represented only by a set of prob-
lems, which makes it difficult for instructors to understand what
concrete skill is being practiced by manual inspection. AST-based
approaches use nodes of AST produced by parsing student code as
KCs (see Section 3.1.1). However, their learning curves did not show
the expected reduction in error rate and a majority of their KCs
did not capture learning, highlighting an opportunity for refine-
ment [4, 28, 31]. For example, one intuitive way of using for loop
as a knowledge component yields spiky learning curves, indicating
the presence of other interconnected KCs, such as conditionals, vari-
ables, etc. Nevertheless, a recent replication of that study suggested
that AST-based approaches could produce plausible KCs, given that
students are provided with sufficient practice problems [5].

While AST-based KCs have had varied results, ASTs have been
widely used in automated code analysis efforts [19]. For example,
Rivers used ASTs to identify each syntax structure in a student’s
submission and compare it to a correct solution [28]. Nutbrown
and Higgins discussed how the use of ASTs offered a degree of
abstraction that made it easy to search for particular patterns in
the tree structure, even while the flow and ordering of the program
were preserved [21]. ASTs record the structural components of code
snippets and operate as an abstraction of the original code. As a
result, grammar symbols and other unimportant elements such as
comments, whitespace, and, to a lesser extent, variations in variable
names can therefore be dismissed as noise [18], which further re-
fines the code snippets to reflect the general structure of source files
and their meaning to be better evaluated. In modeling student suc-
cess, Piech et al. used ASTs to track how students progress through
a programming assignment to predict which students will struggle
with the posterior course content [23]. AST approaches have also
provided successful results for challenges focusing on knowledge
tracing [2, 24]. However, using AST-based approaches for devel-
oping more fine-grained student models that tracks progress on
individual skills is an open question.

3 Methodology

In this section, we first detail two domain models that define knowl-
edge components for programming knowledge. Then, we explain
how we used an approach from recent work for solving the KC attri-
bution problem in open-ended code-writing data, enabling the eval-
uation of a novel KC model that combines expert knowledge with
automated code analysis. For a deeper look at this work’s method-
ology or to reproduce our results, please refer to our code reposi-
tory in: https://github.com/Rafaellarsa/SummerSchoolCMU24/tree/
main.

3.1 Domain Models

To model student knowledge, we applied two domain models to
open-ended code-writing data to obtain knowledge components
depicted in a tree representation for each submission.


https://github.com/Rafaellarsa/SummerSchoolCMU24/tree/main
https://github.com/Rafaellarsa/SummerSchoolCMU24/tree/main
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3.1.1  Abstract Syntax Tree KCs. We extracted abstract syntax trees
(AST) from Java programs and created knowledge components
using AST nodes?, following recent promising results for automated
KC extraction in Python [5].

An AST is a representation of code where each syntactic token
is represented as a node in a tree. Previous work on hint gener-
ation [25] and knowledge tracing and modeling [28] has utilized
abstract syntax trees to compare correct and incorrect submissions.
We leverage the use of these trees to compare submissions to cor-
rect solutions, find the syntactic tokens that are correctly placed
in a submission, and identify the tokens that show a mistake in
the submission [5, 28]. Through this method, each syntactic ele-
ment becomes a KC that can be tracked across multiple attempts
as explained in 3.2. However, while AST tokens can be helpful in
tracking multiple skills in code writing with this approach, some
tokens may correspond to concepts that are too granular to repre-
sent an individual skill in the student model, leading to low model
fit and predictive power. Thus, some KCs of this granular domain
model may not necessarily correspond to important aspects of
programming knowledge.

3.1.2  Ontological KCs. To address the issue of granularity, we use
JavaParser [12] to extract ontological KCs from code?. An ontol-
ogy provides an index of concepts generated by domain experts,
combining static analysis with expert knowledge. JavaParser can
identify the occurrences of these concepts in the code by extracting
ASTs and mapping them to the Java ontology created by a team of
experienced Java instructors?, instead of directly using the tokens
as nodes. The parser returns the lowest-level ontological concepts
behind the code, and we use ontology link propagation to reach
upper-level concepts and form an alternative tree representation
for the code. This can be seen as analogous to an AST, but instead
of using syntactic tokens which may be too granular, the nodes
are selected from a set of expert-identified concepts. Therefore,
ontological KCs address the weaknesses of using syntactic tokens
to model student skills but preserve the advantage of having a tree
representation for KC attribution algorithms to track multiple skills
from a single submission.

3.2 KC Attribution Algorithm

Open-ended code-writing exercises require students to apply many
skills at once, whilst only providing feedback on the outcome of
the code. This creates additional challenges for modeling KCs that
may correspond to interleaved skills. Thus, recognizing successful
progress on some KCs in a submission while recognizing incorrectly
practiced KCs in the same submission is crucial for accurate student
modeling. This has been formalized as the knowledge component
attribution problem [32]. In our work, we implement a tree com-
parison algorithm from recent work [5] that compares an incorrect
submission to a correct solution to detect KCs that should be modi-
fied to fix the submission. Originally proposed for hint generation,
this algorithm relies on identifying a point of deviation where the

!https://github.com/Rafaellarsa/SummerSchoolCMU24/blob/main/KC-
examples/AST-model.txt
Zhttps://github.com/Rafaellarsa/SummerSchoolCMU24/blob/main/KC-examples/ont-
model.txt

3http://www.sis.pitt.edu/~paws/ont/java.owl
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incorrect submission applies a different KC from the known correct
solution, taking the student down the wrong path.

Algorithm 1 Knowledge Component (KC) Attribution Algorithm

Input: Set of all student submissions on a given problem (S), sub-
mission of student i on the same problem (Si), set of test cases
for the problem

Output: List of correctly practiced knowledge components KC+,

list of incorrectly practiced knowledge components KC—

: Scorrect « filter(Sp, test cases)

: KCTree[Scorrect] < Extract KC trees from Scorrect

. KCTree[S!] « Extract KC tree from S°

. if S' passes test cases then

KC+ « KCTree[S'].aslist(); KC— «— @

return KC+, KC—

: end if

. KC[Sefosest] < MinimizeTF-IDF(KC[S], KC[Scorrect])

. return CoMPAREDFS(KCTree([S'], KCTree|[Sciosest])

10: function ComPAREDFS(KC[in], KC|[sol])

if KCTree[in] = @ then

N B A I R

—_
—_

12: KC+ < @; KC— « KCTree[sol].aslist()
13: else if KCTree[sol] = @ then
14: KC+ « @; KC— « KCTree[in].aslist()
15: else if KCTree[in].head # KCTree[sol].head then
16: KC+ « @; KC— « KCTree[in].aslist()
return KC+, KC—
17: else
18: KC+,KC- « ComPAREDFS(Children(KCTree|in]),

Children(KCTree[sol]))

19: KC+ < KC+U KCTree|in].head
20: end if

21 return KC+, KC—

22: end function

While the original algorithm is proposed for ASTs, we show
that it can be generalized to ontological trees, providing a novel
solution to the tradeoff between interpretability (utilizing expert
knowledge) and model fitness (refining KC models automatically
with data). The full method can be found in Algorithm 1.

KC attribution starts by building a set of correct solutions by
filtering all student submissions that pass test cases to capture
different approaches that may solve the same open-ended problem.
Then, KCs in all submissions are extracted as trees (either using
ASTs or ontology nodes). At this stage, if the student submission
being evaluated also passes the test cases, all the KCs identified in
the tree are attributed as correct attempts. If the submission fails
at least one test case, it is compared to the most similar correct
solution (determined by TF-IDF [17]).

This solution is used as the ground truth to identify which KCs
are correctly placed in the submission and which KCs are mistaken
by recursively comparing the trees for both solutions (line 10 in Al-
gorithm 1). The comparison is similar to a depth-first search, where
the head node of the trees are compared at each level of recursion. If
the head nodes match, the KC represented by the node is attributed
as a correct attempt. If the submission tree has a different node
than the solution tree, the KC represented by that node is attributed
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as an incorrect attempt. The algorithm outputs two lists: KCs that
the student practiced correctly in this submission (correct attempts,
KC+) and KCs that the student had made a mistake (incorrect at-
tempts, KC—). Thus, running the attribution algorithm on a single
submission updates the student model by contributing one attempt
per knowledge component used in the submission. By running the
algorithm repeatedly on all submissions of a student on different
problems, we collect time series data showing improvement of the
student on each KC across multiple attempts.

4 Experiments

We evaluated our approach by applying learning curve analysis
on a benchmark dataset for knowledge tracing, including previous
data mining challenges [2, 24]. This dataset has been used as a
benchmark in numerous previous student modeling and personal-
ization works [7, 31, 37]. In this section, we describe the dataset,
the learning curve analysis method for student modeling, and the
analysis results for two domain models.

4.1 Dataset

We analyzed a Java programming dataset collected from the Code-
workout platform [8] for a CS1 course at a public US university in
the Spring of 2019. This dataset is publicly available and was used in
the 2nd CSEDM data challenge [24] and saved in the ProgSnap2 [26]
format. Additionally, the dataset has been anonymized for ethical
reasons, and no personally identifying information about specific
students such as addresses or GPAs is made public. It contains 50
programming exercises, divided into 5 assignments of 10 exercises
each, covering conditionals, logical operations, loops, and arrays.
Each exercise has a prompt for the student, such as the one below:

The number 6 is a truly great number. Given two
int values, a and b, return true if either one is 6. Or
if their sum or difference is 6. Note: the function
Math.abs(num) computes the absolute value of a num-
ber.

An example of what a student experiences in CodeWorkout can
be seen in Figure 1. The student needs to write a function following
the exercise’s prompt and, after submitting their code, receives a
feedback of the function’s performance in assigned test cases. For
this dataset, the students used the platform for independent practice
outside of class time in an unproctored setting.

Although the complete dataset includes more than 400 students,
we used a random sample of 100 students from the platform for our
analysis due to computational constraints. Following prior work,
we collected only the first attempts at each problem, as students
may alter their submission based on the test case feedback in sub-
sequent attempts. Moreover, we took into consideration only the
syntactically valid submissions following the previous work [20] as
erroneous student submissions may not have a KC linked to them.

4.2 Learning Curve Analysis

We compared knowledge component models using learning curve
analysis [3], a data-driven method for tracking student performance
on individual KCs. A learning curve shows the error rates for a
KC across many opportunities a student has. In our setup, each
submission to a new programming problem becomes an attempt
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s or equal to 1, or greater or equal o 10.
Your Answer: Feedback
Result  Behavior

] in1To10(5, false) -> true

in1To10(11,
Expected:<alse>

]

in1T010(132, true) -> trve

hidden

hidden test(s)

Figure 1: CodeWorkout’s exercise interface.

for practicing KCs. According to the KLI framework [15], the error
rates are expected to decrease exponentially as the students go
through more practice opportunities.

Conversely, if students’ practice of a potential KC shows an
increasing or constant error rate across subsequent practice oppor-
tunities, the potential KC could be representing multiple skills at
once or not even representing a skill, making it harder to build an
accurate and fine-grained model of the student knowledge [28].

4.2.1 Analysis Platform. In line with the prior literature apply-
ing learning curve analysis, we used the modeling tools on PSLC
DataShop [14] to compute and evaluate student models.

4.2.2  Evaluation Metrics. In addition to presenting learning curves
visually, we also report root mean squared error (RMSE) values
to show the power of the statistical model on predicting the er-
ror rates on new students (RMSE (Stud)) and new problems (RMSE
(Prob) with the given set of knowledge components [16]. Moreover,
following prior work [3, 22], we compare each model to a naive
baseline where each opportunity is considered to practice a single
knowledge component that represents overall programming experi-
ence, and report the improvement over this baseline with Bayesian
Information Criterion (BIC). Lower BIC typically indicates a bet-
ter model fit for the same number of parameters. However, since
the number of parameters changes with the number of knowledge
components created from the submissions, BIC values cannot be
compared across domain models and are only meaningful when
comparing to the Single-KC baseline.

4.3 Results

Following previous work, we generated learning curves and used
them to evaluate our models. Both the AST and the Ontology KC
models capture learning to some extent and show promising fitness
to the learning curves, as shown in Figure 2 through the decreasing
error rates across multiple opportunities. We can also note that the
ontology model has a steeper learning curve inclination than the
AST model, pointing to a better model fit.

As explained in 4.2.2, the BIC values for the two different mod-
els cannot be directly compared due to their different number of
parameters, so we present the Single-KC baseline result for each
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Figure 2: Averaged learning curves for AST KCs (red) and Ontology KCs (orange) and predicted learning curves (dashed lines)

computed using Additive Factor Model (AFM).

of the models. Table 1 shows that both models demonstrate better
model fit (BIC) than their respective baseline counterparts (Single-
KC models). Moreover, the ontology model achieves a larger BIC
improvement over its baseline.

Furthermore, Table 1 depicts how the ontology model achieves
considerably lower RMSE values when predicting the error rates
of new students in new opportunities (0.318) and of new problems
(0.315). Thus, the combined results of learning curves, BIC and
RMSE answer our research question by demonstrating that the
student model that uses KCs informed by expert knowledge has a
higher fitness and predictive power than its AST-based counterpart.

5 Conclusion and Future Work

In this paper, we combine a recent framework of KC attribution for
the extraction task with an expert-driven KC modeling approach
through an ontology. We compared our approach with a standard
AST-based method to answer our research question and found that
the ontology KCs achieved better results in fitness and predictive
power. Besides the positive numerical results, the Ontology-based
model has an inherent advantage in explainability - it makes use of
an ontology designed by experts and aligned with the established
domain’s knowledge. Therefore, we believe these KCs can easily

Table 1: Quantitative metrics for AST and Ontology KCs:
Ontology KCs show a higher improvement over baseline
compared to AST, and achieve much lower prediction errors.

KC Model BIC RMSE (Stud) RMSE (Prob)
AST-KC 118,504.44 0.478 0.424
Single-KC-Ast 125,301.28 0.494 0.446
Ontology 181,749.20 0.318 0.315
Single-KC-Ont 396,224.91 0.498 0.498
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be integrated into user-friendly visualization tools to instructors
and students. In addition, our framework formalizes the way to
compare models in computing education, serving as baselines for
future work for this task. Our work addresses the challenge of
modeling user performance in a complex educational domain, and
provides conceptualization for more work in the domain of student
modeling in computing education.

As the work is preliminary, we still have limitations: 1) our
experiment has been preliminary, and so far we have only worked
on the CodeWorkout dataset, which is a common benchmark in
CS education research [6, 11, 30]. We aim to include a broader
coverage of datasets in the future. 2) A key assumption is that KCs
are associated with nodes of a tree representation in programs,
while some recent research indicates that KCs could be a set of
nodes [13] or problems [31]. 3) Our pre-processing pipeline did
not include some of the recent methods for filtering abnormal
behavior from authentic student interactions [10]. Combining our
modeling approach with these developing techniques could yield
better modeling success.

In the future, while addressing all the limitations in the work,
our goal is to further extend the work to reduce noise in our model.
To achieve that goal, some possibilities are allowing other types of
KCs (e.g., KCs involving multiple nodes) for a better-covered set
of extracted KCs, merging related KCs (e.g. sum and subtraction),
limiting the KCs considered in each activity to discard the ones less
relevant to that activity (e.g. variable initialization), or splitting KCs
to capture multiple levels of student knowledge (e.g. iterating on
an integer range, on chars from a string, on items from an array).
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