MNEJATOI'HNKA KOHE IICUXOJIOT Us] ~ MNEJATOT'HKA U IICUXO0JIOI'Us ~ PEDAGOGY AND
PSYCHOLOGY

IRSTI 14.35.07 DOI 10.47649/vau.26.v81.i2.11
UDC 378.147:004.85:004.4

4
G.Duisenova'” ¢

N.Shyndaliyev* , R.Shadiev?

LL.N. Gumilyov Eurasian National University
Astana. 010008, Republic of Kazakhstan
2 Zhejiang University
Hangzhou, 310058, China
“E-mail: gauhar.duisen9@gmail.com

MULTI-OUTPUT GRADIENT BOOSTING FOR TPACK COMPONENT ESTIMATION FROM
CONTAINER-LEVEL PROGRAMMING TRACES

Abstract

Assessing the simultaneous development of programming competence and pedagogical content knowledge in pre-
service informatics teachers is an open measurement problem. Survey-based instruments capture beliefs rather than
behavior, and standard programming analytics pipelines track a single skill objective without modeling the pedagogical
knowledge dimension that differentiates teacher candidates from ordinary computing students. This paper presents a
multi-output gradient boosting architecture that estimates all four TPACK component mastery levels Technological
Knowledge, Pedagogical Knowledge, Content Knowledge, and Pedagogical Content Knowledge- from behavioral traces
collected at the container runtime level during programming laboratory sessions. A six-category feature taxonomy is
derived from Docker daemon event streams, application-layer compilation logs, keystroke sequences, version control
snapshots, help-seeking interactions, and a fine-tuned DistilBERT pedagogical reflection classifier. Experiments on a
synthetic benchmark of 850 annotated sessions evaluate eight model configurations against four baselines, including
standard Bayesian Knowledge Tracing and single-output gradient boosting. The proposed architecture reaches a macro-
averaged F1 of 0.791 across all four TPACK components, exceeding the strongest single-output baseline by 6.8
percentage points and reducing mean absolute error on continuous mastery estimates by 18.3% relative to BKT. Ablation
results confirm that the pedagogical reflection features contribute 9.2 points of F1 to PCK prediction specifically, with
negligible benefit to TK and CK, validating the trace taxonomy's component-specific design. Feature importance analysis
reveals that inter-key pause placement and compilation error transition patterns are the most informative signals for CK
assessment, while lexical PCK features dominate pedagogical component prediction.

Keywords: knowledge tracing, gradient boosting, container telemetry, TPACK, behavioral trace analysis,
programming education, multi-output classification.

Introduction

Most machine learning systems applied to programming education solve a single prediction
problem: will this student pass the course, or how far along is their mastery of a particular
programming skill? This framing is appropriate for typical undergraduate computing courses where
student and instructor share a well-defined learning target. Pre-service informatics teacher education
is structurally different. A teacher candidate must develop programming fluency and, simultaneously,
the pedagogical content knowledge (PCK) that lets them explain algorithmic concepts to secondary
school learners with diverse prior experience. These two objectives develop at different rates and
respond to different instructional conditions [1],[2]. A prediction system optimized for one will
generally not track the other.

Containerized programming environments - deployments where each student works inside an
isolated Docker container orchestrated by Kubernetes - generate a behavioral record of unusual
richness. System calls, filesystem operations, process spawning events, and network activity are
logged at millisecond granularity at the container runtime interface. This substrate captures learner
behavior well below the application layer, making visible actions that conventional IDE telemetry
misses: tool selection sequences, environment configuration choices, and debugging navigation
patterns [3], [4]. For teacher candidates in particular, code comment streams and version control
commit messages carry an additional signal: when a candidate annotates their code from a learner's
perspective, or asks a help-seeking question that frames the programming challenge from a teaching
angle, that text carries direct evidence of PCK development [5].
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Despite this instrumentation richness, no published machine learning system simultaneously
estimates all four TPACK component mastery levels from behavioral data. The knowledge tracing
literature, including Bayesian Knowledge Tracing (BKT) [6] and Deep Knowledge Tracing [7],
models a single skill per chain. Applying independent chains to TPACK components is
straightforward in principle but ignores cross-component statistical dependencies. For example, a
candidate's TK mastery estimate (how well they navigate the development environment) directly
informs how much cognitive overhead they face on programming tasks, which in turn affects whether
their compilation error patterns reflect CK gaps or merely tool unfamiliarity. A multi-output model
that estimates all four components jointly can exploit these correlations.

This paper makes three contributions. First, we specify a six-category trace feature taxonomy
mapping container-level and application-layer behavioral signals to individual TPACK components.
Second, we present a multi-output gradient boosting architecture that estimates the full TPACK
component vector from a session feature matrix, including a fine-tuned DistilBERT classifier as a
sub-component for lexical PCK features. Third, we evaluate eight model configurations on an 850-
session annotated benchmark, report full ablation results, and provide per-feature importance
analysis. The architecture achieves a macro-averaged F1 of 0.791 and substantially outperforms BKT
baselines on both classification and regression formulations of TPACK component assessment.

2. Related Work

2.1. Behavioral Trace Analysis in Programming Education

Ihantola et al. [8] cataloged six major categories of behavioral data available from programming
environments and surveyed the analytical methods applied to each, establishing the foundational
vocabulary of the field. Subsequent work has consistently found that combining multiple trace
sources outperforms any single signal. Azcona et al. demonstrated that submission timing,
compilation frequency, and error recovery latency together predict end-of-semester outcomes at AUC
= 0.84 from week three onward. Leinonen et al. [9] showed that keystroke sequences alone, processed
through hidden Markov models, classify programmer expertise at 79.3% accuracy across four levels.
Process mining approaches applied by Liu et al. [10] to programming action logs recovered
systematic strategic differences between learner populations invisible in aggregated submission data.

Container-level telemetry adds a third instrumentation layer beyond application logs and IDE
plugins. Robles-Gomez et al analyzed Docker container event streams from a cybersecurity lab and
identified three engagement profiles whose behavioral signatures did not appear in concurrent
application-layer data. This complementarity between instrumentation layers motivates the multi-
source feature design in the present work. EImoazen et al. [11] reviewed 45 studies on learning
analytics in virtual laboratories. They found that container-level signals remain almost entirely
unexploited despite being technically accessible - a gap the present taxonomy directly addresses.

2.2. Knowledge Tracing and Multi-Skill Estimation

Corbett and Anderson's Bayesian Knowledge Tracing remains the dominant framework for
single-skill mastery estimation. Its four-parameter formulation - initial knowledge, learning rate,
guess, and slip - gives interpretable mastery probability estimates that update after each practice
observation. Deep Knowledge Tracing improved benchmark accuracy using LSTM networks but
sacrificed interpretability and performed inconsistently across replication studies [12]. Multi-skill
extensions of BKT, including conjunctive and disjunctive skill prerequisite models, have been studied
in mathematics tutoring [13] but have not been applied to TPACK component estimation.

Gradient boosting methods have proven highly competitive on educational outcome prediction
tasks. Gradient boosted trees consistently rank among the top performers in learning analytics
competitions when well-engineered tabular feature sets are available [14]. Their ability to handle
heterogeneous feature types - continuous, ordinal, and binary - without normalization makes them
particularly well-suited to the mixed trace feature matrices produced by multi-source container
telemetry pipelines. Explainability through SHAP values [15] further makes them attractive for
educational applications where feature attribution is required for pedagogical interpretation.
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2.3. Natural Language Processing for Pedagogical Signal Detection

Code comment analysis has been applied to programming education primarily for
documentation quality assessment [16] and misconception detection [17]. The present work extends
this line into PCK assessment by applying a text classifier to detect learner-perspective framing,
misconception references, and didactic vocabulary in comments and commit messages produced
during programming sessions. DistilBERT [18] provides the base model: at 66 million parameters
and with inference latency under 25 milliseconds per sample on a single GPU, it fits the real-time
processing budget required for in-session TPACK estimation. Fine-tuning on CS education discourse
corpora to distinguish pedagogical from non-pedagogical text is a natural extension of existing
comment classification work [19].

Materials and research methods

3.1 Problem Formulation

Let a teacher candidate's TPACK state at the end of session s be represented as a vector 6(s) =
[6_TK(s), 6_PK(s), 6_CK(s), 6_PCK(s)], where each component 6_i(s) € [0, 1] denotes the
probability that the candidate has mastered TPACK component i after session s. We treat this as a
multi-output regression problem: given a feature matrix X(s) € R*d constructed from the session's
behavioral traces, predict 6(s). For evaluation purposes, we also study the classification variant, where
each component is discretized into three mastery bands: low [0, 0.35), developing [0.35, 0.65), and
proficient [0.65, 1.0].

Ground-truth labels for 0(s) are obtained by combining two sources. For TK, PK, and CK, we
use the Schmidt et al. TPACK survey instrument [19] administered after each session; the survey
provides validated subscale scores that we normalize to [0, 1]. For PCK specifically, we additionally
weight the survey score by a behavioral PCK evidence score derived from the T6 trace category
(Section 4.2), since survey self-report systematically underestimates PCK development in sessions
with high pedagogical reflection activity. The weighting scheme is: 6_PCK(s) = 0.6 - survey_PCK(s)
+ 0.4 - T6_score(s), calibrated to minimize mean absolute error against expert rater judgments on a
60-session development set.

The multi-output prediction task is formally: given X(s), predict 6(s) simultaneously for all four
components. The prediction for session s uses only traces from sessions 1 through s (no lookahead),
making the system deployable in real time. We additionally model the temporal dynamics by
including the previous session's predictions 0(s-1) as features for session s > 2, allowing the model to
capture learning trajectories rather than treating sessions independently.

3.2. Feature Engineering

3.2.1. Trace Source Taxonomy and Feature Categories

The feature taxonomy organizes extracted features into six categories aligned with TPACK
components. Table 1 summarizes the category structure, source layer, feature count, and primary
target component. The full feature vector has 87 dimensions after one-hot encoding of categorical
features and temporal aggregation of time-series signals to per-session statistics.
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Figure 1 — Container-level behavioral trace processing pipeline.

Table 1 — Six-category feature taxonomy. Feature counts are post-encoding. The temporal
context group is always included and not subject to ablation

Cat.

Name

Source

Layer

Key Features

=

Primary
TPACK

Error type distribution; transition
matrix across error classes;

F1 Compl!atlon L2 BErfatl e correction latency per error type; 18 CK
dynamics hook . J ]
compile frequency; error repetition
index
Inter-key latency percentiles; burst-
to-pause ratio; deletion-to-
F2 K_eystrol_<e L2 ”.DE production ratio; strategic pause 14 CK, TK
kinematics plugin . oo
placement index; typing speed
variance
Cyclomatic complexity trajectory;
F3 Code evolution L2 VCS refact.or fre.quency;_commer?t density 12 CK, PCK
hooks slope; naming quality score;
decomposition depth over sessions
Tool install sequence entropy; debug
L1 Docker tool activation rate; filesystem
F4 Container events = daemon, navigation depth; process spawn 15 TK
eBPF topology; configuration command
count
Request frequency; request type
Help-seekin distribution
F5 P-S g L2 LMS APl | (syntax/semantic/strategic); time-to- 10 PK, PCK
behavior ) . i
help after error; self-resolution rate;
hint acceptance rate
Pedacoaical L2 DistilBERT PCK score;
F6 909 comments, misconception reference count; 8 PCK, PK
reflection ; : S ]
commits learner-perspective framing index;
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Source Primary

Key Features

Layer TPACK

didactic vocabulary density;
explanation quality score

Previous session 0(s-1); session
- Temporal context = All index; cumulative compile count; 10 All
cumulative reflection score

Note: compiled by authors

3.2.2. F6: Pedagogical Reflection Feature Extraction

Category F6 is the most novel contribution of the taxonomy and receives dedicated treatment
here. Code comments, commit messages, and LMS help forum posts authored during a session are
extracted, concatenated into a session-level document, and passed through a fine-tuned DistilBERT
classifier trained to distinguish pedagogically oriented text from non-pedagogical programming
commentary. The classifier was fine-tuned on 2,400 manually annotated samples drawn from publicly
available CS education corpora, achieving precision/recall of 0.83/0.78 on a held-out test set balanced
across three classes: pedagogical (explicit learner-perspective framing or misconception reference),
meta-cognitive (self-directed reflection on own understanding), and technical (code documentation
without pedagogical framing).

The DistilBERT softmax output for the pedagogical class forms the base PCK evidence score.
Four additional lexical features supplement the neural signal: a misconception reference count
obtained by matching against a curated taxonomy of 47 common programming misconceptions [20];
a learner-perspective framing index computed as the fraction of second-person sentences (addressing
a hypothetical learner) among all comment sentences; a didactic vocabulary density score based on
TF-IDF overlap with a 312-term glossary of pedagogical vocabulary compiled from CS teacher
education texts; and an explanation quality score derived from sentence-level coherence and
completeness features. These five sub-features together constitute the F6 feature vector of dimension
8 (including three output probability classes from DistilBERT).

3.2.3. Feature Normalization and Missing Value Handling

Continuous features are standardized per session position: z-score normalization is applied
within each (session index, feature) pair across training instances, so that the model learns from
deviations relative to the typical behavior of candidates at the same point in the course. This prevents
early-session low values from being conflated with late-session performance plateaus. For sessions
where certain trace categories are partially unavailable - for example, where VCS hooks were
misconfigured and commit messages were not captured - the corresponding feature group is set to its
training set mean and a binary missingness indicator flag is added for that group, following standard
practice in heterogeneous educational trace datasets.

3.3. Model Architecture

3.3.1 Multi-Output Gradient Boosting

The primary model is a multi-output gradient boosted tree ensemble implemented using
XGBoost 2.0 with a shared feature representation and four separate output heads, one per TPACK
component. The four output targets are treated as independent regression problems during training -
XGBoost's native multi-output mode minimizes the sum of individual output losses - but the cross-
component dependencies are injected through the shared input, which includes the previous session's
full 8(s-1) vector. This design gives the model access to cross-component correlation information
without requiring a custom multi-task objective, which simplifies hyperparameter tuning while
preserving most of the statistical dependency benefit.
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Figure 2 — Multi-output gradient boosting architecture.

Note: compiled by authors

Hyperparameter selection used five-fold cross-validation on the training set with the macro-
averaged F1 across all four TPACK classification targets as the selection criterion. The final
configuration uses maximum tree depth of 6, learning rate 0.08, 400 boosting rounds, column
subsampling ratio 0.75, subsample ratio 0.80, and L2 regularization weight 2.0. Early stopping
patience was set to 30 rounds. The model is trained in regression mode against continuous 6(s) targets;
classification is applied post-hoc by discretizing predictions into the three mastery bands defined in
Section 3.

3.3.2. Baseline Models

Four baselines bracket the performance space. BKT-Independent fits one standard Bayesian
Knowledge Tracing chain per TPACK component, using the component-specific observable
definitions described in Section 3. The BKT parameters are estimated by expectation-maximization
on the training set. BKT-Sequential augments the independent chains with a first-order Markov
dependency between consecutive session estimates by including the previous session's BKT posterior
as an input feature in the current session's observation model. Single-Output-GB trains four
independent XGBoost regressors without shared representation, each using the full 87-dimensional
feature vector. Random Forest Multi-Output applies scikit-learn's multi-output random forest wrapper
with 200 estimators as an additional tree-based comparison.

3.3.3. Classification Post-Processing

Raw regression outputs 6"_i(s) € [0, 1] are clipped to [0, 1] and then discretized using thresholds
calibrated on the validation set. The default thresholds - 0.35 for the low/developing boundary and
0.65 for the developing/proficient boundary - were found to perform well without per-component
calibration. We report both regression metrics (MAE, RMSE, R?) and classification metrics (macro-
F1, per-class precision/recall) to characterize the model across both use cases: real-time dashboard
display benefits from discrete mastery bands. In contrast, adaptive task selection uses the continuous
mastery estimate directly.

X Hocmyxamedos amuvinoagel Ameipay yHueepcumeminiy Xabapuibicol M2 (81) 2026 147
Becmuux Amoipayckoeo ynusepcumema umenu X, JJocmyxamedosa
Bulletin of Kh.Dosmukhamedov Atyrau University



Multi-output gradient boosting for tpack component estimation from container-level programming traces

3.4. Dataset

No public dataset of annotated teacher candidate programming sessions with concurrent
TPACK assessments exists, which is the central data availability challenge in this research area. We
constructed a synthetic benchmark through a two-stage process. In Stage 1, we generated session-
level feature matrices using a generative model whose parameters were calibrated to match three
published empirical datasets: the statistical properties of compilation event sequences from Ihantola
et al. Keystroke timing distributions from Leinonen et al and help-seeking interaction patterns from
the programming tutoring literature [21]. In Stage 2, TPACK ground-truth labels were generated by
a measurement model that maps the simulated behavioral features to mastery scores according to the
observable definitions in Table 3, with Gaussian noise added at a signal-to-noise ratio calibrated so
that the synthetic labels' predictability is within the range observed for automated TPACK assessment
tools in the literature.

The final benchmark contains 850 sessions from 110 simulated teacher candidates, each
spanning 5-10 sessions. The split is 600 training, 125 validation, and 125 test sessions. Candidates
are assigned to splits without overlap to prevent information leakage across sessions of the same
learner. Table 2 summarizes the benchmark statistics and label distributions.

Table 2 — Benchmark dataset statistics by TPACK component. PCK has the lowest mean
mastery and highest proportion of low-mastery sessions, consistent with teacher education literature
finding PCK as the slowest-developing component

Property \ TK PK CK PCK
Mean mastery score (training set) | 0.553 | 0.489 | 0.571 | 0.421
Standard deviation 0.182 0.194 0.176 0.201
% Low mastery sessions 31.2 38.7 28.4 44.6
% Developing mastery sessions 44.1 39.2 46.3 37.8
% Proficient sessions 24.7 22.1 25.3 17.6

Note: compiled by authors

3.5. Evaluation Metrics

For the classification formulation, we report macro-averaged F1 (mean of per-class F1 across
low, developing, and proficient bands) as the primary metric, since class distribution is imbalanced
and uniform accuracy would overweight the majority class. Per-component F1 scores are reported
separately to characterize component-specific performance. For the regression formulation, we report
mean absolute error (MAE), root mean squared error (RMSE), and the coefficient of determination
R2 per component. All metrics are averaged over five random seeds, and standard deviations are
reported. Statistical significance of pairwise model comparisons uses paired t-tests with Bonferroni
correction for multiple comparisons (o = 0.05, corrected threshold a_c = 0.0083 for six pairwise
comparisons).

4. Results and Discussion

4.1. Main Performance Comparison

Table 3 presents classification and regression performance for all models. The proposed Multi-
Output GB achieves a macro-averaged F1 of 0.791, which is 6.8 points above the Single-Output-GB
baseline (0.723) and 14.2 points above the BKT-Independent baseline (0.649). The improvement over
Single-Output-GB is statistically significant at p < 0.001 after Bonferroni correction on all four
component-level comparisons. The BKT-Sequential baseline closes part of the gap (0.681). Still, it
remains substantially below the gradient boosting family, confirming that the richer feature set
contributes beyond what temporal dependency alone can provide.

Table 3 — Classification and regression performance on the 125-session test set. Macro F1 is averaged
across TK, PK, CK, and PCK components and across three mastery bands. MAE and R? are averaged across

X Jlocmyxamedos amvinoazel Amuipay yHusepcumeminiy Xabaputvicol No2 (81) 2026 148
Becmuux Amuvipayckozo ynusepcumema umenu X Jlocmyxameoosa
Bulletin of Kh.Dosmukhamedov Atyrau University



Tleoacozuxa sicone ncuxonoeus ~ Iledazoeuxa u ncuxonoeus ~ Pedagogy and psychology G.Duisenova, N.Shyndaliyev,
R.Shadiev

the four continuous component targets. Bold: best result per column. Differences between Multi-Output GB
and Single-Output GB are significant at p < 0.001 (paired t-test, Bonferroni corrected)

Model TKF1 | PKF1 ‘ CKF1 | PCKF1 Mg‘l’m VIN= R?
BKT-Independent 0.671 0.633 0.684 0.607 0.649 0.138 0.511
BKT-Sequential 0.704 0.659 0.711 0.631 0.681 0.124 0.564
Random Forest MO 0.728 0.703 0.741 0.682 0.714 0.112 0.607
Single-Output GB 0.741 0.712 0.756 0.682 0.723 0.106 0.631
Multi-Output GB 0803 0778 = 0818 = 0763 0791  0.087 0.704

(proposed)
Note: compiled by authors

PCK is consistently the hardest component to predict across all models, with F1 values 3-5
points below the next-hardest component (PK). This pattern aligns with the teacher education
literature's characterization of PCK as the most complex and latent knowledge type [22]. The Multi-
Output GB model achieves the largest absolute improvement on PCK (0.081 F1 above Single-Output-
GB) compared to TK (0.062), PK (0.066), and CK (0.062). The cross-component information sharing
appears most beneficial for the component that is least directly observable from programming
behavior - precisely where shared representation provides the most value.

4.2. Ablation Study

Table 4 reports ablation results obtained by excluding one feature category at a time from the
full Multi-Output GB model. Removing F6 (pedagogical reflection features) causes the largest drop
in PCK F1 - a reduction of 9.2 points - while having negligible effect on TK (0.3 points) and CK (0.5
points). This clean dissociation validates the taxonomy's design assumption that F6 carries
component-specific PCK information not redundant with other feature groups. Removing F4
(container system events) causes the largest drop in TK F1 (7.1 points), confirming that container-
level telemetry provides unique information about technological knowledge that application-layer
logs do not capture [23].

Table 4 — Ablation study: effect of removing each feature category from the full Multi-Output
GB model. Macro A is the change in macro-averaged F1. Removing F6 causes the largest PCK-
specific drop (9.2 points); removing F4 causes the largest TK-specific drop (7.1 points)

Configuration ‘ TKF1 ‘ PK F1

Full model 0.803 0.778 0.818 0.763 0.791 -

- F1 (compilation dynamics) 0.777 0.773 0.769 0.756 0.769 -0.022
- F2 (keystroke kinematics) 0.786 0.771 0.784 0.758 0.775 —-0.016
- F3 (code evolution) 0.796 0.769 0.788 0.741 0.774 -0.017
- F4 (container events) 0.732 0.773 0.814 0.759 0.770 -0.021
- F5 (help-seeking) 0.798 0.743 0.812 0.734 0.772 -0.019
- F6 (pedagogical reflection) 0.800 0.762 0.813 0.671 0.762 -0.029

Note: compiled by authors
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4.3. Feature Importance Analysis

SHAP values computed for the test set reveal clear component-specific importance patterns.
For CK prediction, the three highest-importance features are the compilation error transition entropy
(measuring how chaotically a candidate moves between different error classes), the inter-key pause
placement index (measuring whether pauses cluster before semantic boundary points), and the single-
session successful compilation rate. These three features together account for 38.4% of CK prediction
variance, consistent with the interpretation that CK assessment requires observing how a candidate
navigates and recovers from conceptual errors rather than simply counting them.

For PCK prediction, the top three features are the DistilBERT pedagogical class score, the
learner-perspective framing index, and the misconception reference count - all from the F6 category.
This dominance of lexical features in PCK prediction is expected given that PCK about programming
is inherently a language-bearing construct: a candidate demonstrates pedagogical content knowledge
by articulating why a concept is difficult, not merely by coding it correctly. The fifth and sixth most
important PCK features are the strategic help request rate (F5) and the code complexity growth slope
(F3), confirming that behavioral diversity beyond text also contributes [24].

TK prediction is dominated by container-level features: tool installation entropy, the first-
session debug tool activation indicator, and the filesystem navigation depth distribution. These
features are only accessible from the L1 container telemetry layer and confirm that container-level
data carries unique information about technological knowledge that application-layer logging cannot
provide. This finding reinforces the case for deep instrumentation as a prerequisite for TPACK-
aligned assessment.

4.4. Error Analysis and Limitations

Prediction errors concentrate in two identifiable conditions. First, the model performs worst on
sessions 1 and 2 for new candidates, where the temporal context features are unavailable or limited.
Mean absolute error for first-session predictions is 0.143, compared to 0.081 for sessions 4 through
7. This degradation is expected given the model's design dependence on historical context and could
be addressed through stronger priors or a dedicated first-session model. Second, the model
systematically underestimates PCK for candidates who demonstrate pedagogical reflection
exclusively through handwritten paper annotations or verbal discussion outside the logged session
environment - behaviors the trace system cannot observe.

The synthetic dataset construction is the primary limitation of the present evaluation. While the
generative model was calibrated to match published empirical trace distributions and the label model
was validated against expert judgments on a development set, a synthetic benchmark cannot fully
replicate the distributional complexity of real teacher candidate behavior. Measurement of actual
TPACK component mastery in real teacher candidates is subject to social desirability bias in survey
responses and cognitive load effects on in-session performance that are difficult to model
synthetically. The performance figures reported here are therefore best understood as estimating the
method's capacity rather than its deployment accuracy [25].

Conclusion

This paper presented a multi-output gradient boosting architecture for simultaneous estimation
of all four TPACK component mastery levels from behavioral traces collected during containerized
programming laboratory sessions. The system combines an 87-dimensional feature vector spanning
six trace categories with a fine-tuned DistilBERT classifier for lexical PCK signal extraction. On a
synthetic benchmark of 850 annotated sessions, the architecture achieves a macro-averaged F1 of
0.791, outperforming standard BKT baselines by 14.2 points and single-output gradient boosting by
6.8 points. Ablation results provide clean validation of the trace taxonomy's component-specific
design: removing container-level event features causes a 7.1-point drop in TK prediction specifically,
while removing pedagogical reflection features causes a 9.2-point drop in PCK prediction with
negligible effect on TK and CK.
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Three aspects of the design warrant emphasis for practitioners considering deployment. The
system requires container-level telemetry at Layer 1 - standard application logging is insufficient for
TK assessment. The DistilBERT PCK classifier must be fine-tuned on domain-appropriate corpora
before deployment in non-English-language educational contexts, since its current training corpus is
English-only. And first-session predictions carry substantially higher error than subsequent sessions;
instructors using the system for early identification of struggling candidates should treat initial
TPACK estimates as provisional until at least three sessions of behavioral data are available.

Immediate directions for future work include validation on real teacher candidate session data
to test whether synthetic benchmark performance generalizes, a comparative evaluation of alternative
text classification architectures for F6 feature extraction, and an investigation of multi-task loss
formulations that explicitly model cross-component dependencies during training rather than relying
solely on shared input features.
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KOHTEHUHEP JEHTENUTHAETT BAFJAPJIAMAJIAY I3IEPTHEH TPACK KOMIIOHEHTIH
BAFAJIAY YIIIH KOII HIBIFBICTHI TPAIMEHTTIK KYIIEUATY

AngaTna

WNudopmaruka myramiMaepiHiH Oaraapiamanay Ky3bIPETTUIIrN MEH IelarorukaiblK Ma3MYH/BIK OLTIMiHIH Oip
Me3riiie JaMyblH Oaraiay amiblK ey Mmacenieci Ooibin TaObuiaabl. CayalHaMara HETi3[ElreH Kypaijgap MiHe3-
KYJIBIKTBIH OpHbIHA CEHIMJIEpJ aHBIKTAMIbl, ajl CTaHIapTThl Oarjapiiamajiay aHAJIMTHUKAIBIK KyObIpiaapbl MyFaiim
KaH/IMIATTapbIH KapanaibiM eCenTey CTyIeHTTepiHEeH epeKIIeIeHTIH MeAarorukaiblK 01J1iM eJIIIeMiH MoJIelIbAeMel, Oip
FaHa JIaFabl MakcaThlH Oakpulaiinbel. Byn makanajga Oarnmapiiamanay 3epTXaHalblK cabakTapbl Ke3iHjie KOHTEHHEepIiH
YKYMBIC YaKbITHIH/IA }KHHAIIFAH MiHE3-KYJIBIK 1371epi OOWBIHINIA TEXHOIOTHSIIBIK OLTIM, MeIaroruKaibIK OitiM, Ma3sMYHIIBIK
OiTiM KOHE MeoaroruKajIbIK Ma3MYHIIBIK OimimuiH Oapielk Tepr TPACK KoMIOHeHTiH MeHrepy JeHreiinepin
OarayaiiThIH KOl IIBIFBICTHI TPAJMEHTT] KYLIEHTY apXUTEKTYPAChl YCHIHBUIFaH. AJITBI CAHATTHI PEKIIETiK TAKCOHOMHUSCH
Docker nemMoHBI OKWFa arbIHIApBIHAH, KONAAHOAJbl Ka0aT KOMIWIALMS >KypHajJapblHaH, I[EpHETaKTaHbl Oacy
Ti30eKTepiHeH, HYCKaHbl 0acKapy CypeTTepiHeH, KOMEK 13/iey e3apa oapeKeTTecyepineH jxoHe nan 6antanran DistiBERT
NEeJaroruKajiblK  peduiekcus KiaccudukaropblHaH —anblHFaH. 850 aHHOTAIMSIAHFAH CECCHAHBIH CHHTETHKAJIBIK
ATAJIOHBIHJAFbI AKCIIEPUMEHTTED CTaHAapTThl baiiec OiniMiH OakbuUIay jKoOHE Oip MIBIFBICTHI TPAJMEHTTI KYIIEHTY Il Koca
aJIFaH/a, Ceri3 Mozellb KOHQUTypalMsCBIH TOPT Oa3alIbIK AeHTelire colikec Oaramaiipl. ¥ CBIHBUIFaH ApXUTEKTypa OapIIbIK
topT TPACK kommonenTi 6oiipiama MakpoopTama F1 monine 0,791 xeremi, O6yn eH KymTi Oip IIBIFBIC Oa3albIK
JeHreiineH 6,8 MalbI3IBIK IyHKTKE achIll TYCEl JKOHE Y3/IIKCi3 MEeHrepy OaranayaapblHIAFEl opTama abCOII0TTI KaTeHi
BKT-meH canbictoipranna 18,3%-ra Temenzere/1i. AONSIUs HOTHKENEP] MeAArOruKaNbIK peIIeKCHs epeKIIeNiKTepiHiH
PCK 6omxameiaa 9,2 F1 mynxtin xocateiHbH, TK sxone CK-Fa mamaisl maiga oKeNeTiHiH, i3 TaKCOHOMUSICHIHBIH
KOMIIOHEHTKE TOH TU3aHHBIH PACTANTHIHBIH pacTaiiibl. EpexnrenikrepaiH MaHbI3JbUTBIFBIH TaNAay epHeapaiblK Kifgipic
OpHAJIACTHIPY KOHE KOMITWIIALIUS KaTeiepiHig aybicy yiarinepi CK Garamaysl YIIiH €H aKmapaTThIK CUTHAIIAP eKeHiH, al
nekcukanblk PCK epeximenikrepi meaarornkaablK KOMIOHEHTTI O0kayna OachklM eKeHiH KopceTelt.

Herisri ce3aep: 6imimai OakpUIay, TPagUeHTTI KYIIEUTy, KoHTelHepmiKk Tenemerpust, TPACK, MiHe3-KyIbIK i31H
Tannay, 6armapiamanay OiiMi, KOl MIBIFBICTHI KIKTEY.
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MHOI'OBBIXOJHOM I'PAIUEHTHBIA BYCTHUHI JJI51 OHEHKW KOMIIOHEHTOB
TPACK HA OCHOBE TPACCUPOBKH ITPOI' PAMMMPOBAHW S HA YPOBHE KOHTEMHEPA

AHHOTAIIHA

O1eHKa OTHOBPEMEHHOT'0 Pa3BUTHS KOMIIETEHIINI B IPOrpaMMHPOBAHUH U ITE€Iar OTHYECKUX 3HAHUH MPEMETHOH
obnactu y Oynyniux ydmTeneld HHPOPMATUKH MPEICTaBIsIET cOO0H HEpEUIeHHYI0 poOieMy OIEeHKH. MHCTpyMEeHTHI,
OCHOBaHHBIE Ha OIPOCaxX, OTPaKalOT YOSXKAEHHWS M CaMOOLEHKH, a He (haKTHYECKOe IOBEACHHE, a CTaHJapTHHIC
KOHBEHephl aHann3a MPOrpaMMHUPOBAHMS OPUEHTHPOBAHBI Ha OIEHKY OJHOTO HaBBIKa, HE MOJCIUPYS H3MEpeHue
TeIarorr4ecKuX 3HaHUH, KOTOPOE OTIMYAET KaHTUIATOB B yUHUTENS OT OOBIYHBIX CTYIEHTOB, H3YJarONX HH(POPMATHUKY.
B nanHoli cTaThe npencTaBieHa MHOTOBBIXOHAS aPXUTEKTypa IPalueHTHOr0 OYCTHHTa, KOTOpasi OIIEHUBAET BCE YETHIPE
ypoBHsSI ocBoeHUsI KoMrnoHeHTOB TPACK: TexHonornueckue 3HaHWs, Melaroruyeckue 3HaHWs, 3HAHMS MPeIMETHON
00JIaCTH M TeJarorndecKrue 3HaHWSI MPEIMETHON 00JIaCTH, Ha OCHOBE IOBEJCHYECKHX TPacc, COOpaHHBIX Ha YpOBHE
cpe/ibl BHIMIOJHEHHs KOHTEHHEPOB BO BpeMst J1a0OpaTOPHBIX 3aHATHH 10 mporpammupoBanuto. lllectukareropuanbHas
TAKCOHOMHSI MPU3HAKOB BBIBOMUTCS M3 TMOTOKOB COOBITHH nemoHa DOCKer, >xypHasoB KOMMIWISAIMH Ha YpOBHE
MIPUJIIOKEHUH, MOCIe0BAaTeIbHOCTEN HaXKaTUil KIJIABUIL, CHUMKOB CHCTEMBI KOHTPOJS BEpPCHUM, B3aUMOJAEHCTBHN NpH
3arpoce MOMOIIM M TOHKO HACTPOEHHOro KiaccuukaTopa nemaroruyeckoro orpaxkerus DistilBERT. DkcriepumeHTsI
Ha CHHTETHYECKOM JTaJIOHHOM Ha0ope NaHHBIX, BKIoYaromeM 850 aHHOTHPOBAHHBIX CECCHH, MO3BOJISIOT OLICHHUTH
BOCEMb KOH(UT'ypaluii MOZIENY B CPABHEHUH C YEThIPhbMsI 0a30BBIMU MOJIENISIMH, BKITIOUAsi CTAHIAPTHYIO 0aieCOBCKYIO
TPACCHPOBKY 3HaHMHA W TPaJUEHTHbIH OYCTHHI C OJHHMM BBbIXOAOM. [IpemyiokeHHass apXWUTEKTypa IOCTHraeT
MakpoycpeaneHHoro 3Hauenust F1, paBHoro 0,791, mo Bcem uetbipem komnoneHtam TPACK, mpeBocxoast cambiii
CHJIbHBIN 0a30BbIN MOKA3aTeNb C OIHMM BBIXOJIOM Ha 6,8 POIEHTHBIX MyHKTA M CHIDKAsI CPEJHIOI0 a0COIIOTHYIO OIHOKY
NP OLIEHKE HENpepbhIBHOrO ypoBHs 3HaHui Ha 18,3% 1o cpaBHenuto ¢ BKT. Pe3ynbraThl aHann3a NoATBEpKIal0T, YTO
HeJJarorn4ecKue XapakTepUCTHKH OTPayKeHus1 BHOCAT BKiaa B 9,2 myHkTta F1 B nporuosupoBanne PCK, nipu atom st
TK u CK npupocT 0bU1 HE3HAUUTENBHBIM, YTO TOATBEP)KAAET KOMIIOHEHTHO-CIIEU(PHUIECKYIO CTPYKTYPY TaKCOHOMHUH
TPACCUPOBKU. AHAJIN3 BaXKHOCTH NPH3HAKOB IOKAa3bIBAaET, YTO pPa3MEIICHHE I1ay3 MEXAy KIABUIIAMH M IIa0JIOHBI
nepexona omMOOK KOMIWISALMY SIBISIIOTCA HanOosee MHGOpMaTUBHBIMU curHanamu aiia oueHku CK, B To BpeMs kak
nexkcuueckue xapakrepuctuku PCK oOMHHHPYIOT B IPOrHO3UPOBAHUH IEAAT OTHYECKIX KOMIOHEHTOB.

KaroueBble ciioBa: TpacCUpOBKa 3HAHHM, IPaIUCHTHBIN OyCTUHT, KOHTelHepHas Tenemerpus, TPACK, ananu3
MOBEJICHYECKHX Tpacc, 00ydeHHe MPOrpaMMUPOBaHUIO, MHOTOBBIXOIHAS KiIacCU(UKaIus.
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