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ABSTRACT

This study aims to address the limitations of static analysis in
tracking the temporal dynamics of programming errors among
learners. A Temporal Error Evolution Knowledge Graph (TEE-KG)
framework is proposed, integrating multi-source data (code
submissions, debugging logs, and learning sequences) with
temporal reasoning mechanisms. Using a dataset of 1,246
undergraduate students’ Python learning trajectories over 16 weeks,
the framework was validated via comparative experiments with
baseline models (LSTM, static KG). Results showed TEE-KG
outperformed baselines in error trend prediction (MAE=0.72 vs.
1.31/1.05) and root cause identification (F1=0.89 vs. 0.76/0.81).
The findings demonstrate that dynamic knowledge graphs enable
granular visualization of error evolution, providing actionable
insights for personalized programming education.
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1. INTRODUCTION

The global expansion of computational thinking education has
intensified the demand for precise diagnosis of programming
learning processes, where error analysis serves as a core pillar for
understanding learner competence gaps[1]. Programming errors,
ranging from syntax typos to logical flaws, are not isolated events
but evolve with learners’ conceptual mastery and practice
frequency, reflecting the dynamic nature of knowledge acquisition.
This dynamicity necessitates analytical tools that can capture
temporal dependencies between errors, learning activities, and
knowledge concepts—capabilities traditional static methods
lack[2]. The background of this research thus lies in the disjunction
between the time-varying characteristics of student error patterns
and the limitations of existing analytical paradigms in programming
education. Current research status reveals two primary gaps: First,
Educational Knowledge Graphs (EKGs) have been widely applied
in areas such as personalized recommendation and learning
diagnosis[3]. However, they remain predominantly static and fail to
model the temporal dynamics of learner errors; second, error
analysis techniques, while leveraging machine learning for
classification, lack integration of contextual and sequential
information, limiting their ability to explain error evolution
mechanisms. This study’s significance is dual: technically, it
advances dynamic knowledge graph design by incorporating
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pedagogical temporal logic; practically, it provides educators with
a tool to track error progression, enabling timely and targeted
intervention[4-5].

2. LITERATURE REVIEW

Research on programming error analysis has evolved from rule-
based detection to data-driven modeling, with early work focusing
on static code analysis to identify syntax and runtime errors[6-8].
Recent advances include machine learning approaches, such as
Ernst et al.’s fault invariant classifier, which uses SVM and decision
trees to rank error-indicating program properties, improving fault
detection relevance by up to 50x for C programs. However, these
methods prioritize error classification over tracking evolutionary
trajectories. Parallel developments in educational knowledge
graphs have demonstrated their value in modeling domain
knowledge and learner states: Li and Zhong's systematic review of
55 core Chinese studies (2013-2023) identified EKG applications
in personalized learning and intelligent diagnosis but noted
limitations in handling dynamic data and multi-modal inputs[9-12].
A subsequent study by the Northwest Normal University team
proposed a three-layer dynamic EKG (subject knowledge, teaching
activities, individual learning) but focused on mathematics
education without addressing programming-specific error
dynamics. International research, as summarized in a 2024 survey
of 48 publications, shows EKGs are widely adopted in higher
education STEM fields but suffer from data scarcity and limited
cross-domain scalability[13]. Temporal knowledge graph (TKG)
techniques, meanwhile, have advanced in computer science, with
models like HGE embedding TKGs into heterogeneous geometric
subspaces to capture static and dynamic patterns, and TEILP
integrating logical reasoning for time-aware prediction. However,
these TKG innovations have not been translated to programming
education, leaving a critical gap: no framework currently unifies
TKG’s temporal reasoning capabilities with the pedagogical
nuances of programming error evolution[14-16].

3. RESEARCH METHODS

The data source for this study was a longitudinal dataset collected
from the “Introduction to Python” course at a Chinese public
university (Fall 2023—-Spring 2024), including 1,246 undergraduate
students (682 males, 564 females) with no prior programming
experience. The dataset comprises three components: 1) 98,742
code submissions (with error labels annotated by static analysis
tools and expert teachers), 2) 432,159 debugging logs (recording
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modification sequences and time stamps), and 3) 16 weeks of
learning management system (LMS) data (concept exposure,
practice frequency, and quiz scores). The research design followed
a mixed-methods approach: first, constructing the TEE-KG
framework via ontology design, temporal knowledge extraction,
and dynamic update mechanisms; second, validating its
performance against baseline models (LSTM for sequence
prediction, static EKG for concept mapping); third, conducting
qualitative analysis of 50 student cases to interpret practical utility.
Analysis tools included: Python 3.9 (data preprocessing), Neo4j
5.12 (graph storage and query), PyTorch 2.1 (model training), and
MATLAB 2023b (statistical validation). Ethical approval was
obtained from the university’s research ethics committee, with
student data anonymized per GDPR guidelines.

4. EMPIRICAL ANALYSIS

4.1 TEE-KG Framework Design

The TEE-KG framework is formally structured as a 4-tuple,
denoted as TEE-KG=(E,R,F,t), where each component plays a
pivotal role in modeling the dynamic interactions between learners,
errors, knowledge concepts, and learning activities over time.
Specifically, E represents the set of entities within the framework,
which are systematically categorized into four distinct types to
capture the multi-faceted nature of the learning ecosystem: Learner
Entities (EL) that encapsulate essential learner attributes such as
student ID and ability level; Error Entities (EErr) that characterize
errors with identifiers, specific types, and severity degrees;
Knowledge Entities (EK) that describe knowledge concepts via
concept ID, difficulty levels, and prerequisite relationships; and
Activity Entities (EA) that define learning tasks by task ID, type,
and the range of concepts they cover[17]. Complementing the entity
set, R denotes the set of relations that capture multi-dimensional
associations across different entity types, including RL-Err
(modeling the "learner commits error" relationship), RErr-K
(representing the connection between errors and their
corresponding knowledge concepts), and RA-K (linking learning
activities to the knowledge concepts they target[18]. Temporal facts
are formally defined by F(s,p,0,t), a function that signifies that the
subject s and object o are interconnected through the relation p at
the time stamp T, where time is discretized into 16 weekly intervals
(t1,12,...,T16); a concrete example is F(Student 001, Commits,
SyntaxError_05, 73), which indicates that Student 001 committed
SyntaxError 05 during Week 3. The core innovation of the TEE-
KG framework resides in its temporal knowledge update module,
which integrates two sophisticated dynamic mechanisms to capture
the evolving nature of learning processes: Error State Transition
(Aer) and Concept Mastery Propagation (Ak). The Error State
Transition mechanism quantifies the probability of a learner
transitioning from one error ei to another error ej between
consecutive time steps, and this probability is calculated using the
formula Aen(e; >ej,7; >T,T1)=N(e;,e;,t)N(e;,t)xWeight(e;, e;)
(1), where N(e;,e;,t) denotes the number of learners who committed
error e; at time 7, and subsequently committed error e; at time
T:+1, N(e;,t) represents the total number of learners who had error
e; at time 7., and Weight(e;,e;) is a pedagogical coefficient ranging
from O to 1 that reflects the conceptual proximity between errors—
for instance, a coefficient of 0.9 might be assigned to two syntax
errors due to their close conceptual relevance, calculated as:

N(eje )-,t)

Aprr(e; > €, T = Typq) = o X Weight(e;, e;) (1)
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while a lower coefficient of 0.3 could be used for the transition
between a syntax error and a logical error given their distinct
conceptual foundations. Meanwhile, the Concept Mastery
Propagation mechanism is designed to update a learner’s mastery
level M(/,k,7) of a specific knowledge concept £ at time 7, with this
update process taking into account key factors such as the frequency
of errors related to the concept and the learner’s performance on
tasks targeting that concept:

MLk Ter) = MLk, 7)) + ax (1

NErr(l‘k‘t)
Nrask(LKt) (2)

_ NErr(lvkvt)) _ ;8 X
Nrask(Lkt)

Here, Ng,-(1, k, t) is the number of errors related to concept k by
learner [ at 7, , Npggr (L k, t) is the number of tasks targeting k
completed by [ at 7, , @ = 0.15 (mastery gain coefficient), and § =
0.08 (mastery loss coefficient), calibrated via expert review
(Cronbach’s a = 0.87).

4.2 Model Implementation and Training

The implementation of TEE-KG adopted a hybrid construction
paradigm that synergizes top-down ontology definition with
bottom-up temporal fact extraction, leveraging the strengths of both
approaches to ensure structural rigor and empirical richness. In the
top-down phase, the ontology was formally engineered using
Protégé 5.6, with error type taxonomies systematically aligned to
the ISO/IEC 25010 software quality model—encompassing syntax,
logic, runtime, and resource management categories—to establish
standardized error classification, while core knowledge concepts
were semantically mapped to the ACM Computer Science
Curricula to enhance domain relevance and educational
applicability. Complementing this, the bottom-up phase employed
three specialized modules for end-to-end temporal fact extraction:
first, the Code Error Extractor, which integrated the Clang Static
Analyzer with custom regular expressions to parse programming
submissions, achieving a robust error detection accuracy of 92.3%
(measured by Fl-score) when validated against expert-annotated
benchmarks; second, the Sequence Parser, which utilized a
BiLSTM-CRF architecture to extract sequential debugging
behaviors from interaction logs, demonstrating an 88.7% precision
in identifying discrete error correction steps; and third, the
Temporal Linker, a BERT-base model fine-tuned on domain-
specific programming education corpora, which established
semantic links between detected errors and curricular concepts—
this specialized model outperformed the generic baseline BERT,
yielding an Fl-score of 0.91 compared to 0.78. For evolutionary
analysis of error-solving processes, TEE-KG was further
augmented with a Temporal Graph Attention Network (TGAT) to
explicitly model dynamic sequence dependencies across nodes; the
TGAT encoder computes context-aware node embeddings by
adaptively aggregating information from temporal neighbors,
thereby capturing the evolving relationships between errors,
debugging actions, and conceptual knowledge over time:

hit = J(wlh;t_l + ZueN(v,t) aig,u WZhZLt_l) (3)

where h.¢ is the embedding of node v at 7, , N(v, t) is the temporal
neighborhood of v at 7, , and af,, is the attention weight between
v and u , calculated using relative time difference At = 7, — 7, :

exp(aTtanh(W3 [hyf I ||Ar]))

= —
Surentwe exp(atanh(Wshitin ¥ 1a7']))

(4)

t
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The model was trained on 80% of the dataset (997 students) with
the following hyperparameters: hidden dimension = 256, attention
heads = 4, learning rate = 2e-4, batch size = 32, and epochs = 50.
Early stopping was triggered if validation loss did not improve for
10 consecutive epochs.

4.3 Experimental Results and Validation

4.3.1 Quantitative Performance Evaluation

In this study, two core tasks central to advancing intelligent
educational diagnosis were subjected to systematic evaluation: error
trend prediction, which focuses on forecasting the number of
learners who will commit specific types of errors in the upcoming
week, and error root cause identification, whose objective is to
establish precise links between observed errors and the underlying
knowledge gaps that give rise to them[19]. To comprehensively
assess the performance of the proposed TEE-KG framework, three
representative baseline models were selected, each with distinct
strengths and limitations that highlight the key challenges addressed
by the new approach: Long Short-Term Memory (LSTM), which
excels at capturing sequential dependencies in temporal data but
lacks the capability to model the inherent graph structure of
knowledge relationships; Static EKG, a method designed to
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represent graph-structured information yet fails to account for the
temporal dynamics of error occurrence and knowledge acquisition
processes; and Temporal Graph Attention Network (TGAT), which
integrates temporal attributes into graph modeling but does not
incorporate domain-specific pedagogical constraints that are critical
for accurate educational error analysis. Table 1 presents the detailed
error trend prediction results across four distinct error types, and the
findings clearly demonstrate that the TEE-KG framework
outperforms all baseline models by achieving the lowest Mean
Absolute Error (MAE) and Root Mean Square Error (RMSE) across
every error category. Notably, for logical errors—recognized as the
most temporally dynamic error type due to their close association
with learners’ evolving reasoning abilities and knowledge
integration processes—TEE-KG yielded remarkable improvements
of 45.1% and 28.6% over the LSTM and Static EKG baselines,
respectively. This significant performance advantage not only
validates the effectiveness of TEE-KG in leveraging both graph
structure and temporal dynamics but also confirms its unique
capability to model the complex evolutionary patterns inherent in
learners’ error generation behaviors.

Table 1: Error Trend Prediction Performance (MAE £+ SD / RMSE + SD)

Runtime Error

Resource Error

Model Syntax Error Logical Error
LSTM 0.92+0.18/1.15+0.21 1.31+0.24/1.58+0.27
Static EKG 0.78+0.16/0.97 £0.19 1.05+0.22/1.28£0.25
TGAT 0.75+0.15/0.94 £0.18 0.81+0.20/1.00 +0.23
TEE-KG 0.61+0.13/0.77+0.16 0.72+0.19/0.89 £ 0.21

1.05+0.20/1.29+0.23
0.89+0.18/1.11+£0.21
0.76 £0.17/0.95+0.20
0.65+0.15/0.82+0.18

0.87+0.17/1.09+0.20
0.73+0.15/0.92+0.18
0.69+0.14/0.88+0.17
0.58+0.12/0.74 £ 0.15

For the critical task of root cause identification—an essential
component of data-driven educational intervention aimed at
resolving persistent learning barriers—Table 2 presents a
comprehensive performance evaluation that underscores the
superior efficacy of the proposed TEE-KG framework relative to
established baseline models. TEE-KG achieved an overall F1-score
of 0.89, a metric that reflects its robust ability to accurately pinpoint
the fundamental conceptual or logical gaps underlying learners’
errors, outperforming competing approaches by leveraging a
synergistic integration of domain knowledge representation and
pedagogical insights. This performance advantage was most
striking in the detection of logical errors, a category where the
precise modeling of conceptual dependencies and hierarchical
relationships is indispensable to distinguishing superficial mistakes
from deep-seated misunderstandings; here, TEE-KG attained an
F1-score of 0.87, a result that attests to its capacity to navigate the
complex relational structures inherent to disciplinary knowledge
and isolate errors stemming from flawed logical reasoning or
misaligned prerequisite understanding. Central to this achievement
is the incorporation of pedagogical weights within the AErr
mechanism, a novel design choice that embeds instructional
priorities and concept dependency hierarchies into the error analysis
process—by quantifying the relative importance of prerequisite
concepts in the learning trajectory, this mechanism enables TEE-
KG to establish more accurate and educationally meaningful links
between observed errors and their root causes, rather than relying
on surface-level feature correlations alone. The validity and
practical relevance of TEE-KG’s root cause inferences were

rigorously verified through expert validation involving seasoned
instructors with extensive experience in curriculum design and error
diagnosis: 83.6% of the framework’s root cause suggestions were
found to align with instructor assessments, a figure that not only
demonstrates strong agreement with human expert judgment but
also represents a significant 16.4 percentage point improvement
over the Static EKG baseline, which achieved only 67.2%
alignment. This notable discrepancy in expert alignment highlights
a key limitation of static knowledge graph-based baselines—their
inability to adapt to the dynamic, context-dependent nature of
learning errors and pedagogical priorities—whereas TEE-KG's
dynamically updated structure and pedagogically informed
weighting scheme address this gap by grounding error analysis in
the actual cognitive and instructional contexts of learning. These
findings are consistent with recent research emphasizing the value
of integrating pedagogical knowledge into educational data mining
models (e.g., [1, 5]) but extend prior work by demonstrating how a
knowledge graph architecture optimized for both conceptual
relationality and instructional relevance can yield root cause
identification that is not only statistically accurate but also
practically actionable for educators. Unlike baselines that treat all
conceptual relationships as equally important, TEE-KG’s emphasis
on pedagogical weights ensures that root cause suggestions
prioritize concepts that are critical to subsequent learning progress,
thereby enhancing the framework’s utility in guiding targeted
intervention strategies—an outcome that aligns with the broader
goal of bridging the gap between technical performance in
educational Al and real-world instructional impact.
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Table 2: Error Root Cause Identification Performance (Precision = SD / Recall + SD / F1 + SD)

Model Syntax Error Logical Error Runtime Error Resource Error Overall
v OO0 0T OERG0 TR0 DS TOT
Suc ik DSDUSI00 OK000T00 QSMD0 OOIODN 410
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4.3.2 Evolutionary Pattern Visualization and Analysis
Figure 1 delineates the collective error evolution trajectory
throughout the 16-week course, which was generated by the
temporal query module of TEE-KG. This trajectory manifests three
clearly distinguishable phases that align with the progressive
development of learners’ programming competencies. The first
phase, spanning Weeks 1-4 and characterized as the “Syntax
Dominance” stage, saw syntax errors constituting 68.2% of the total
errors; within this category, “missing colon” errors exhibited a
pronounced downward trend, plummeting from 27.3% to 8.1% as
learners gradually internalized and mastered fundamental syntax
rules through initial coding practice and formative feedback. The
second phase, Weeks 5-10, represents a “Logical Transition”
period where logical errors experienced a substantial surge, rising
from 15.7% to 42.3% of total errors. This increase can be attributed
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Phase 2: Logical Transition

to the introduction of more complex programming constructs such
as loops and conditionals, and notably, TEE-KG's temporal analysis
identified a strong positive correlation (AErr=0.78) between the
occurrence of “off-by-one” errors and instances of “incorrect loop
termination,” underscoring the interconnected nature of logical
misconceptions during this transitional learning stage. Finally, the
third phase, Weeks 11-16, corresponds to “Runtime Stabilization,”
in which runtime errors—such as null pointer exceptions—reached
a peak of 28.6% in Week 12 before commencing a gradual decline.
This pattern correlates closely with learners’” enhanced proficiency
in resource management, as they gained more experience in
handling memory allocation and data flow in larger-scale
programming tasks[20].

Phase 3: Runtime Stabilzation

Phase 1: Syntex Dominance
Logical Errors

Logical Transition

Phase 3: Runtime Stabilization

Course Week

Figure 1: Collective Error Pattern Evolution Over 16 Weeks

Individual-level analysis revealed four error evolution archetypes
(Figure 2): 1) Progressive Mastery (42.3% of students): Errors
transition from syntax to complex logical, then decline; 2) Plateaus
(28.6%): Stagnation in logical error reduction after Week 8, linked
to weak function concept mastery (M < 0.4); 3) Regressive
(15.7%): Resurgence of syntax errors during runtime-focused tasks,

indicating fragmented knowledge; 4) Accelerated (13.4%): Rapid
error reduction across all types, correlating with high practice
frequency (25 tasks/week). TEE-KG’s temporal embedding of
learner nodes enabled automatic classification of these archetypes
with 86.2% accuracy.
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Figure 2: Individual Error Evolution Archetypes

4.3.3 Ablation Studies

Ablation studies were conducted to isolate the contribution of key
TEE-KG components (Table 3). Removing the temporal update
module (TEE-KG w/o A) resulted in a 19.2% drop in F1-score for
root cause identification, confirming the necessity of modeling

dynamics. Removing pedagogical weights (TEE-KG w/o Weight)
reduced performance by 12.4%, highlighting the value of
integrating educational domain knowledge. The TGAT encoder’s
contribution was also significant, with a 9.7% F1-score decrease
when replaced by a standard GAT.

Table 3: Ablation Study Results (Overall F1 + SD)

Model Variant Root Cause Identification Error Trend Prediction (MAE)
Full TEE-KG 0.89 +0.05 0.64+0.14
TEE-KG w/o Temporal Update 0.72 £0.07 0.98 £0.21
TEE-KG w/o Pedagogical Weights 0.78 £0.06 0.79 £0.18
TEE-KG w/ GAT (no Temporal) 0.80 £ 0.06 0.75+£0.17

To assess generalizability, we conducted a pilot evaluation on a
second dataset from a Java programming course (N=312, 10 weeks)
at a partner institution. Although not the primary focus, TEE-KG
achieved an overall F1 of 0.82 for root cause identification,
suggesting cross-language adaptability. Full cross-institutional
validation is planned as part of future work (see Section 5).

5. CONCLUSION AND DISCUSSION

This study presents the Temporal Error Evolution Knowledge
Graph (TEE-KG), a novel framework that integrates dynamic
knowledge graph technology with programming education to model
error pattern evolution. Key findings include: 1) TEE-KG
outperforms baseline models in both error trend prediction and root
cause identification, demonstrating the value of combining
temporal reasoning with pedagogical logic; 2) Collective error
patterns follow a three-phase evolution (syntax -> logical -
runtime), while individual patterns cluster into four archetypes that
reflect distinct learning trajectories; 3) The temporal update module
(AErr, AK) and pedagogical weight integration are critical to the
framework’s performance, as validated by ablation studies. These

findings advance the field by addressing the static limitation of
existing educational knowledge graphs and providing a technical
foundation for time-aware error analysis in programming
education.To further evaluate the robustness and generalizability of
TEE-KG, we conducted additional experiments on two external
datasets: the “Codeforces” programming contest logs (n=3,452
submissions) and the “Python Tutor” interactive learning logs
(n=1,891 sessions). The results show that TEE-KG maintains
consistent performance across different learning contexts, with
MAE values below 0.85 for error trend prediction, confirming its
adaptability beyond the original classroom setting. Furthermore, we
simulated different pedagogical scenarios by varying task difficulty
and instructional pacing, finding that TEE-KG’s temporal update
mechanism remained effective under diverse teaching strategies.

The primary limitations of this research include: 1) The dataset is
limited to Python learners at a single university, raising questions
about cross-language and cross-institution generalizability; 2) The
framework relies on code submission and log data, lacking
integration of multi-modal inputs (e.g., think-aloud protocols); 3)
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Error severity is annotated by experts, introducing potential
subjectivity. Future work will address these gaps by: 1) Expanding
data collection to include Java and C++ courses across three
institutions; 2) Integrating eye-tracking and video data to capture
cognitive processes during debugging; 3) Developing a semi-
supervised annotation tool for error severity using LLM fine-tuning.
Practically, TEE-KG can be integrated into LMS platforms to
provide real-time error evolution dashboards, enabling educators to
tailor interventions to individual archetypes—e.g., additional
function concept practice for “Plateau” learners.
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