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Abstract—This Research Full Paper presents a systematic
review on knowledge tracing of learning programming based
on student performance data in exercises.

Programming has become an essential skill to solve real-
world problems in modern engineering disciplines. However,
when students start to learn how to program, they face a lot
of challenges in acquiring various programming knowledge and
skills. While it is beneficial to customise learning material to fit
individual learning progress, the widely different learning pace
of students in an introductory programming course has made
it impractical for teachers to track the knowledge acquisition
of individual. Hence, many recent works take a data-driven
approach to model students’ learning progress based on the
performance data in programming-related exercises, which in-
clude the submitted program codes and answers to closed-ended
programming exercises. By analyzing these performance data,
a system can evaluate the students’ knowledge level of various
concepts and skills in programming.

This paper performs a systematic review and reports key
information about recent works on programming knowledge
tracing based on student performance data. An overview of the
different choices of knowledge representation, domain knowledge
model, performance measure and knowledge tracing algorithms
is provided. The nature and granularity of knowledge compo-
nents and the relationships between them are compared across
the reviewed works. The different choice of programming knowl-
edge representation leads to varied methods to assess knowledge
levels from empirical performance data in programming-related
exercises. Two broad categories of works are identified. The first
is to overlay a student model on the domain knowledge model,
and the student knowledge levels are updated in distinct time
steps. The second trains temporal knowledge tracing models to
predict students’ future performance based on their performance
in previous exercises. In addition, this review discusses the distinct
challenges in knowledge tracing in programming education. It
also points out limitations in current works and opportunities to
improve knowledge tracing in learning programming.

Index Terms—systematic review, computer science, program-
ming education, student modelling, knowledge tracing

I. INTRODUCTION

With the increasing amount of data and higher model com-
plexity in engineering problems, programming has become
an essential skill to solve real-world problems in modern
engineering disciplines. However, novice programmers face a
lot of challenges in acquiring various programming knowledge
and skills [1]. The difficulty in overcoming these challenges
often results in low self-motivation [2] and a high drop-out
rate in introductory programming courses [3].

While there is evidence for the pedagogical benefit of cus-
tomising learning material to fit individual learning progress,
the widely different learning pace of students in an introduc-
tory programming course has made it impractical for teach-
ers to track the knowledge acquisition status of individual.
Hence, there have been many recent works that take a data-
driven approach to model student learning progress based on
performance in programming-related exercises, which include
the submitted program codes and answers to closed-ended
programming exercises.

An essential step in designing a system to trace program-
ming knowledge is to first break down the domain knowledge
of programming into smaller units and trace the acquisition of
these units while students attempt a sequence of exercises. In
this review, we refer to these units as knowledge components
(KCs), which are defined as “an acquired unit of cognitive
function or structure that can be inferred from performance on
a set of related tasks” in the Knowledge-Learning-Instruction
framework [4]. We will sometimes also use the term ‘skill’
interchangeably.

Knowledge tracing works typically build a student model of
a student’s mastery of some pre-determined knowledge com-
ponents, e.g. programming concepts and language constructs,
according to whether the student produces correct responses
in a sequence of exercises. Common models employed in the
literature include probabilistic, statistical and artificial neural
network models. The student model can be used to effec-
tively customise the learning process in intelligent tutoring
systems (ITS), to automatically generate hints to help students
struggling in solving programming exercises, and to identify
students in need of human tutor intervention.

This paper performs a systematic literature review and
reports key information about recent works on student mod-
elling and knowledge tracing based on student performance
in closed-ended and open-ended programming exercises. It
explores the numerous design decisions made in previous
works and provides an overview of the different choices of
knowledge components, domain knowledge model, perfor-
mance measure and knowledge tracing algorithms. In addition,
this review discusses the distinct challenges in knowledge
tracing in programming education and the major approaches in
framing the problem in the perspective of established methods
of student modelling and knowledge tracing. This paper also
points out limitations in current works and opportunities to



improve knowledge tracing in learning programming.

II. RELATED WORKS

Several related literature reviews can be found in recent
literature. Crow et al. [5] performed a systematic literature
review of ITS for programming education. This work focuses
on the various supported features for learning programming.
On the other hand, Chrysafiadi et al. [6], and more recently
Abyaa et al. [7], surveyed student modelling, describing
student characteristics that are captured and the modelling
techniques applied in different disciplines. They found that
researchers preferred to use the overlay model, which traces
students’ mastery of knowledge components organized in a
domain knowledge model.

The current study differs from the above reviews in its
emphasis on programming knowledge representation. This
allows us to discuss in more depth the issues in adapting
common student modelling techniques to handle the particular
nature of programming knowledge. Moreover, we can review
the existing knowledge assessment methods for a specialized
type of student submission – program codes.

III. METHODOLOGY

In this section, we explain the research questions we aim to
answer in this review. The search strategy and the inclusion
and exclusion criteria are designed to fulfill this aim.

A. Research questions

The research questions of this review are formulated as
follows.

• What representation of programming knowledge is used?
• What is the role of a domain knowledge model in esti-

mating knowledge level in different programming skills?
• What algorithms are used to trace knowledge acquisition?

Research question 1 addresses the foundation of knowledge
tracing. It defines the nature and granularity of knowledge
components. Choice of knowledge representation also leads
to different detection means (e.g. automatic vs. expert input)
and other nuances in the student model.

Some works in the literature build a student model as an
overlay on top of the domain knowledge model, which em-
bodies different relationships between knowledge components.
Research question 2 examines how knowledge components are
inter-related in the domain knowledge model, and how this
affects the knowledge level update methods later applied.

Research question 3 explores diverse student modelling
algorithms based on empirical student performances in exer-
cises. We restrict ourselves to aspects of student modelling that
are related to knowledge acquisition. In particular, we ignore
affective student models and paid little attention to behavior
data, demographic data and academic performance [8] [9].

B. Search strategy

We searched the ACM Digital Library and the IEEE Xplore
databases because they cover most relevant venues for com-
puter science education. The search string contained two main
concepts, namely “knowledge tracing” and “learning program-
ming”. After a preliminary search, we realized that program-
ming knowledge is traced in different applications, including
modelling student knowledge to adapt learning material in ITS,
educational data mining (e.g. predicting student performance),
and studies of knowledge tracing algorithms per se. Moreover,
the two main concepts were described with different wording.
Therefore, we bootstrapped the search process from four seed
articles [10]–[13], and collected synonyms for each concept
from them. The search string used is as follows.
( "knowledge tracing" OR "student model" OR

"learning curve analysis" ) AND ( "learning

programming" OR "programming learning" OR

"introductory programming" OR "programming

tutor" OR "programming exercise" OR "how to

program" OR "CS1" OR "novice programmer" )
We performed search on both the abstract and full text of

papers in the databases on March 2021. ACM Digital Library
returned 80 results while IEEE Xplore database returned 98
results.

C. Inclusion and exclusion criteria

The above search string was deliberately built to cover
the wide context in which programming knowledge is traced
in the literature. As a consequence, it was expected that a
large number of retrieved papers would be irrelevant to our
theme of knowledge tracing in learning programming. Thus,
we delineated the following inclusion and exclusion criteria
to determine the relevant works from the search results. To
determine whether a paper met the inclusion and exclusion
criteria, the abstract and introduction were first read in full
to grasp the overall aim of the work. Next, text searches
were performed to locate the paragraphs that contain the
search key phrases. These paragraphs were read to decide the
role of knowledge tracing in the works. After this step, we
can omit, for example, works that only mention knowledge
tracing as related works, but do not cover knowledge tracing
of programming students in the main contribution. Finally, we
read the full text to determine relevancy and then to extract
data.

The inclusion criteria were written to identify works that
trace the progressive acquisition of programming knowledge
based on empirical student performance in programming-
related closed-ended exercises or open-ended coding exercises.
Both scripted (e.g. Java, Python) and non-scripted program-
ming language (e.g. block-based programming) were included.
The inclusion criteria are as follows.

• The paper models the change of programming knowledge
status while students learn programming.

• Domain knowledge of programming is broken down into
components that can be traced from empirical perfor-
mance of students in exercises.



• The paper provides some detail on how to update the
student model from student responses to programming-
related exercises.

Papers that only discuss architecture issues but lack details
of tracing different concepts or skills in the student model were
omitted. In addition, studies that examine the programming
behavior of students [14] rather than assessing their knowledge
level were excluded. The exclusion criteria are listed below.

• The paper does not include specific information on pro-
gramming knowledge representation.

• The paper models the problem-solving behavior of pro-
gramming students, but does not estimate the change of
student knowledge.

• The paper predicts the overall performance of program-
ming (e.g. estimate course outcome), but does not model
relevant knowledge on a finer level.

• The paper is not written in English, or not related to
programming (e.g. physics).

After carrying out the inclusion and exclusion criteria, we
obtained 12 relevant papers as the systematic sample. See
Table I.

IV. RESULTS

A. Knowledge components

Programming is a complicated cognitive process that re-
quires a wide spectrum of conceptual understanding and skills.
According to the Box Model proposed by Izu et al. [23], these
include understanding textual structure, run-time behavior, and
function/purpose of program codes. The scope of relevant code
may span from an expression, a block of statements, to a
disperse set of statements. Existing works in programming
knowledge tracing usually restrained to trace KCs that involve
a small textual structure (e.g. within a few lines of code).
Many studies in the systematic sample focus on lower-level
concrete concepts (e.g. variable, arithmetic expression) and
programming constructs (e.g. if, if-else, for-loop) (e.g. [10],
[18], [22]). These low-level KCs are often associated with
syntactical elements in a programming language, and some
works (e.g. [11], [19]) used automated methods (namely
JavaParser [24]) to extract them from student submitted code
snapshots and sample answers in open-ended exercises.

Some works also considered combined usage of a few low-
level KCs as a mid-level KC. In an early work on generating
completion exercises that focus on student weakness, Chang
et al. [15] first broke down code solution to a simple pro-
gramming problem as a hierarchy of code templates, each of
these involving a few lines of code with specific functionality.
One example is a template to calculate the average from
the sum and the count. Their system may then generate a
completion exercise that requires students to fill in a blank
line for the average calculation. This work then traced the
templates that students cannot answer correctly. Some other
works defined mid-level KCs as structured combination of
basic programming constructs, and traced the student knowl-
edge of both low-level and mid-level KCs. For example,

Chrysafiadi et al. [16] [17] used both basic constructs (e.g.
‘if’, ‘assignment’, ‘while’) and common code patterns (e.g.
count in a while loop). In their work in improving multi-skill
knowledge tracing, Huang et al. [13] modelled integration of
basic skills (e.g. addition, array access, ‘for’ iteration) to mid-
level skills (e.g. using a ‘for’ to calculate sum of elements in
an array).

B. Domain knowledge model

There are two broad categories of student modelling in the
systematic sample. Works in the first category built a domain
knowledge model that captures the relationships between KCs,
and exploits these relationships in evaluating student knowl-
edge levels. Works in the second category, on the other hand,
did not model the relationships between KCs, and just traced
the knowledge acquisition of individual KC separately. In this
section, we focus on the first category, and describe some
approaches taken in the literature to overlay the student model
on top of the domain knowledge model for programming.

A domain knowledge model organizes the KCs of a domain
(e.g. introductory programming) in a certain topology that
represents the relationships between the KCs. Examples of
common relationships are ‘is-part-of’ and ‘pre-requisite’. The
student model is then realized by assigning a knowledge level
for each KC in the domain knowledge model. The relation-
ships between KCs help to propagate updates of knowledge
levels of KCs throughout the student model every time a
student takes an exercise and new performance measures are
reported.

In [16], Chrysafiadi et al. proposed to capture the impact
strength of a KC on another. In their work, each KC has a
numerical knowledge level. When knowledge level of KCi

changes because of updates in performance measure on a re-
lated exercise, the knowledge level of another KCj is updated
in proportion to the impact strength between the two KCs. The
updates can be positive or negative, and bidirectional links may
take different impact strength. In a later work [17], the authors
formalized the knowledge model as a Fuzzy Cognitive Map of
KCs, and defined fuzzy logic rules to update the knowledge
levels in the student model.

In their work on visualizing the knowledge levels of students
studying interactive multimedia textbooks, Dragon et al. [20]
utilized the intrinsic hierarchy structure of topics in textbooks
as the domain knowledge model. The KCs are related by ‘is-
part-of’, and KCs are organized in a directed acyclic graph,
with concrete programming concepts (e.g. boolean, string)
near the bottom, and programming constructs that depend on
the concrete concepts (e.g. boolean expression, if statement)
on a higher level. The knowledge level of a higher-level KC
is aggregated as a weighted average of the knowledge levels
of lower-level KCs linked by ‘is-part-of’.

Huang et al. built a Bayesian network based model called
CKM-HI [13] to represent the dependencies between basic
skills, integrated skills and student performance in exercises.
The mastery of each KC (basic or integrated skill) is indicated
by probability. The model is trained to learn the conditional



TABLE I
SYSTEMATIC SAMPLE ON KNOWLEDGE TRACING FOR LEARNING PROGRAMMING

Knowledge
components (KC)

Student model Performance measure Application

Chang et al.
2000 [15]

templates in predefined
solutions

set of mistaken
templates

closed-ended exercise generate completion exercises
that focus on student weakness

Kasurinen et al.
2009 [10] †

selected constructs set of KCs, BKT check whether submitted code applies
KCs that are recommended in sample
answer

estimate student knowledge
level

Chrysafiadi
et al. 2013 [16]

selected concepts and
constructs

weighted graph of KCs closed-ended exercise adapted sequencing of learning
material

Chrysafiadi
et al. 2015 [17]

selected concepts and
constructs

Fuzzy Cognitive Map
of KC

closed-ended exercise adapted sequencing of learning
material

Rivers et al.
2016 [11] †

node types in AST set of KCs used in
sample answer, AFM

compare submitted code with sample
answer for correct usage of KCs

identity difficult programming
elements

Wang et al.
2017 [12] †

implicit KCs in
program embeddings

sequence prediction
based on embeddings

correct output in next exercise predict success in next exercise

Wang et al.
2017 [18]

selected concepts and
constructs

set of KCs, IRT-BKT closed-ended exercise estimate learning outcome,
evaluated by prediction
accuracy

Huang et al.
2017 [13] †

selected basic and
integration skills

Bayesian network of
KCs

closed-ended exercise improve multi-skill knowledge
tracing

Hosseini et al.
2017 [19]

concrete concepts from
JavaParser

set of KCs, PFA a snapshot passes test cases evaluate clustering methods for
student stereotypes

Dragon et al.
2017 [20]

predefined concrete
and abstract concepts

hierarchy of KCs,
is-part-of

closed-ended exercise visualize the knowledge level
of students

Meliana et al.
2018 [21]

selected abstract
concepts

Bayesian network of
KCs

closed-ended exercise sequencing of exercises to
mimic good students

Effenburger
et al. 2020 [22]

predefined game
concepts and constructs

set of KCs, AFM correct output of program study issues that affect
accuracy of AFM

† seed articles

probability between basic skills and an integrated skill, and
also the conditional probability between skills and correct
response in closed-ended program comprehension exercises.
Afterwards, the model can estimate the knowledge level of
each KC and predict how likely a student can answer an exer-
cise correctly based on his/her performance in past exercises.
Note: CKM-HI applies the dynamic Bayesian network roll-up
mechanism in [25] and does not model the temporal transition
probability of KC mastery. It updates the student model in
discrete time steps, different from the Bayesian network based
works discussed in section IV-D.

C. Performance measure

As defined by the scope of this review, all works in the
systematic sample estimate student knowledge level from their
performance in exercises. A majority of the works use closed-
ended exercises (e.g. multiple choice, fill-in-the-blanks) to
evaluate student knowledge in different KCs, and rely on
expert input to map exercises to related KCs.

A few other works, on the other hand, assess the stu-
dent knowledge by analyzing code snapshots submitted for
programming problems. These works collected multiple code
snapshots from students when they attempted to solve pro-
gramming problems, and determined the correctness of the
snapshots by comparing the snapshots with sample answers or
running automated test cases on the snapshots. For example,
Karurinen et al. [10] examined Python code snapshots for
whether they apply KCs recommended by experts. Rivers et al.
[11] compared submitted Python code with a sample answer to
look for correct usage of expert selected constructs. In [19],
Hosseini et al. extracted Java constructs from a parser, and
determined that the KC is used correctly when the code snap-
shot passes some test cases. Efffenberger et al. [22] studied
a grid game programming environment called RoboMission
(en.robomise.cz), and regarded the KCs as correctly applied
when the code snapshot generates a correct output.



D. Knowledge tracing algorithms

Contrary to the few works discussed in section IV-B, many
works in the systematic sample did not integrate a domain
knowledge model in student modelling. Instead, they regarded
the KCs as independent and modelled the change of proba-
bility of KC mastery along a sequence of related exercises.
This approach is called knowledge tracing [26], and builds
a temporal model that can predict the correctness of student
response in an exercise based on their performance in all
previous attempted exercises. Three kinds of techniques are
encountered in the literature.

1) Bayesian Knowledge Tracing (BKT): BKT is a com-
monly used probabilistic method in student modelling, and has
been employed in [10], [18] and [21] among the systematic
sample. BKT models the learning process of a KC using a
Hidden Markov Model (HMM) with two latent states: either
the student has learned a KC (‘known’) or not (‘not known’).
Initially, a student may know the KC already, with the proba-
bility Pinitial. After each exercise that involves the KC, there
is a probability Plearn for the student to transit from the
‘not known’ state to ‘known’. However, the two latent states
cannot be observed directly, and can only be estimated based
on observable performance in the exercises. To accommodate
the inference uncertainty between student performance and
their actual understanding, BKT model includes the probability
Pguess that a student does not know a skill, but gets a correct
response by chance, and the probability Pslip for careless
mistakes a student may make, even when he/she knows the
skill.

Kasurinen et al. [10] selected programming constructs that
are difficult to students (e.g. ‘while’, ‘exception’ and ‘file’)
and applied BKT to reveal that about half of the students
have learned the constructs. On the other hand, Meliana et al.
[21] traced the student learning of the three abstract concepts
‘sequence’, ‘conditional’ and ‘loop’ based on a sequence of
exercises in their learning material, and attempted to distill
the sequence of exercises taken by good students. In [18],
the authors tried to improve prediction accuracy by first using
Item Response Theory (IRT) on the student performance
data to estimate the initial capability Pinitial of students in
13 preselected programming concepts and constructs (e.g.
array and iteration). They then applied BKT to learn other
parameters, and found that their combined IRT-BKT approach
outperforms BKT alone.

A limitation of the basic formulation of BKT, as employed
in the works in the systematic sample, is that each exercise
is restricted to assess a single skill. Typically, BKT builds
a separate HMM for each skill. There are extensions of
BKT to accommodate exercises that assess multiple skills,
e.g. Weakest Knowledge Tracing [27] [28] breaks up the
responsibility of success or failure in a multi-skill exercise
among several HMMs, and Conjunctive Knowledge Model
[25] [29] builds a single Dynamic Bayesian Network (DBN)
[30] to model the learning progression of multiple skills. In
fact, one work in the systematic sample (Huang et al. [13])

extended DBN with skill integration. Nonetheless, training a
DBN for multiple skills and multi-skill exercises has proved
to be difficult because of explosion of parameters to learn.

2) Additive Factor Model (AFM): Because of this limitation
of BKT, a group of works [11], [19] and [22] in the system-
atic sample applied another popular approach in knowledge
tracing called Additive Factor Model to trace programming
knowledge. Instead of closed-ended exercises, these works
collected code snapshots submitted by students when they try
to solve programming problems. Each snapshot is analyzed to
infer the learning progress of a set of skills that are essential
in a solution to the programming problem. In some works,
each submitted snapshot for a problem is considered as an
opportunity to test the understanding of the related KCs.

AFM adapts logistic regression, a common statistical
method, to knowledge tracing. This model directly supports
multi-skill exercises with a boolean Q-matrix Qkj , in which
Qkj = 1 if the opportunity j requires the skill k. A student
is assumed to have a higher probability to learn a skill k after
repeated practice of the skill, and the number of practice before
this opportunity is stored in Nik. The AFM model includes
several parameters to characterize the learning progress of
students: θi refers to different initial capability of students,
βk refers to difficulty of a KC k, and γk indicates how
quickly students can learn the KC from doing multiple relevant
practice. Given the observed performance pij of whether a
student i answers correctly in the opportunity j, AFM uses
the logistic regression equation in (1) to learn the parameters.
Afterwards, one can predict the probability that a student can
answer a future exercise that requires some of the skills.

ln
pij

1− pij
= θi +

∑
k

βkQkj +
∑
k

(γkNik)Qkj (1)

Rivers et al. [11] used the first time that a KC appears
in a snapshot (as returned by JavaParser) as an opportunity
to assess knowledge of the KC. If that KC appears in an
appropriate position when compared to a model answer, the
student is considered to have given a correct response. In their
work, knowledge tracing with AFM reveals how well students
are learning difficult programming elements.

Hosseini et al. [19] studied several methods to group
students into stereotypes using demographics, course perfor-
mance and learning behavior. Among other metrics, they used
an extension of AFM called Performance Factor Analysis [31]
to verify whether students within a stereotype have similar
learning needs. (Performance Factor Analysis differs from
AFM in having separate parameters for learning from correct
and incorrect responses in exercises.) Each time that a student
tests, runs or submits a snapshot is considered an opportunity
to evaluate the knowledge of KCs in the snapshot, which are
extracted automatically by JavaParser. If the snapshot passes
all test cases, the student is assumed to have given correct
responses for all the KC discovered.

AFM assumes that repeated practice of a skill results in
the same amount of improvement for a student. However,



this may not be true when the exercises have vastly different
difficulties. This has been verified by Effenberger et al. [22].
The authors applied AFM on their RoboMission dataset to
assess learning of game concepts and programing constructs
(e.g. while, repeat, if, else, nested loop). They concluded that
differences in exercise difficulty (which is not considered in
AFM) may affect the validity of the conclusion drawn from
AFM.

3) Deep Knowledge Tracing (DKT): By treating knowledge
tracing as a sequence prediction problem, Piech et al. [32]
proposed Deep Knowledge Tracing and its two formulations
(exercise-indexed and skill-indexed). Skill-indexed DKT em-
ploys Long Short-Term Memory (LSTM) recurrent neural
networks [33] to predict whether a student can answer an
exercise correctly based on the input sequence of the KCs
covered and the correctness of answers in previous attempted
exercises. As such, DKT builds a single model for all KCs,
whereas BKT builds separate model for each KC.

Wang et al. [12] proposed a novel approach to adapt DKT
for programming in their experiment on the Hour of Code
dataset (code.org/research). Instead of tagging selected or
automatically extracted KCs to exercises, the authors used a
recursive neural network to learn a meaningful embedding of
a submitted program snapshot. The embedding is calculated as
a linear combination of the embeddings of child nodes in the
Abstract Syntax Tree (AST), and encodes the runtime function
of the program in transforming various inputs into corre-
sponding outputs. The authors then trained a recurrent neural
network, taking the sequence of embeddings for snapshots
submitted for an exercise as input, and whether the student
can produce a correct solution in the next exercise as output.
Although no explicit KCs were used in training the recurrent
neural network, the input embeddings can be regarded as
implicit representation of the syntax (due to the recursive
encoding of AST nodes) and semantic (due to the encoding of
runtime function) of the snapshots. However, it is arguable that
DKT suffers from interpretability problem, especially given
the complicated syntactic and semantic content of program
snapshots.

V. DISCUSSION

Programming is a creative process, and students have to
learn a variety of low-level and high-level skills to gain
proficiency in coding solutions for programming problems.
Some skill is a pre-requisite to others, while some integrated
skill is more than the sum of its components.

One challenge in tracing programming knowledge is proper
representation of programming knowledge components and
their intricate relationship. Many existing works used basic
programming concepts and constructs as targets for knowledge
tracing, but did not model the relationship between the KCs.
However, it is a common struggle of students to combine
the basic KCs to build a solution. In works that feature a
domain knowledge model, relationship between basic skills
and some integrated skills are fused into the knowledge level
update algorithm. However, expert inputs are required in

these works to define the skills and assign the weights of
the relationship [16] [17]. Moreover, the effectiveness of the
domain knowledge model is often limited by the structure of
the learning material from which the model is derived [20].

Another challenge is the syntactic and semantic richness of
an important evidence for learning programming – program
codes. Most existing works use closed-ended exercises to
measure student performance, and many among them assign a
single KC to each exercise. Such exercises are insufficient to
evaluate higher-level programming skills required in designing
a complete program. There are a few works that analyze
submitted code snapshots for manifestation of KCs, usually
via automated test cases or comparison with model answers.
Although expert inputs are not required, a common restriction
is that only low-level KCs are recognized.

Two works that open up new directions for tracing of more
sophisticated programming knowledge are Huang et al. [13],
which investigated Bayesian networks to model expert-curated
skill integration, and Wang et al. [12], which pioneered the
deep knowledge tracing approach to predict future student per-
formance from meaningful embeddings of program snapshots
submitted earlier.

We believe that a possibly fruitful approach is in the
middle. Programming schemas [34] (also known as plans [35]
and patterns [36]) are prototypical solutions to small-scale
problems. (An example of schemas is using ‘for’ loop to
calculate the sum of numbers in an array.) There have been
some trail of schemas in some reviewed works [15] [17] [13].
Programming schemas can be extracted from program codes
automatically, and a student who combines several schemas to
build a solution is manifesting an integrated skill. Moreover,
schemas are easier to interpret for students and teachers, and
program embeddings based on schemas may strike a balance
between interpretability and the syntax and semantic richness.

VI. CONCLUSION

In this review, we have characterized the distinct challenges
in knowledge tracing of programming, and the different ap-
proaches existing works used to adapt established techniques
of student modelling and knowledge tracing. A lot of research
is still required to trace higher-level programming knowledge
of students. As programming has become an essential skill
to solve real-world engineering problems, and more students
(including formal and vocational education) are learning how
to program, tracing individual’s acquisition of programming
knowledge has the potential to pave the way for more effective
and enjoyable programming education.
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