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ABSTRACT

Modern educational settings routinely generate massive amounts of
learning event sequences, which often exhibit complicated tem-
poral and sequential dependencies among events. Traditional
sequence dependency analysis methods, such as sequential pattern
mining, requires researchers to manually configure pattern param-
eters, such like minimum support, positional gap, and time interval,
which introduces subjectivity into the analysis process. Meanwhile,
deep learning models combined with temporal point processes, par-
ticularly Hawkes processes with attention mechanisms, have shown
promise in capturing sequential dependencies and predicting future
events, yet existing models remain limited in the interpretability of
the dependency features they identify. To address these limitations,
this study proposed a method based on self-attentive Hawkes pro-
cesses to identify the sequential dependencies in learning event
sequences without requiring manual configuration of pattern pa-
rameters. We applied the proposed method to two learning event
datasets and compared the extracted patterns with those mined by
two baseline algorithms. The results revealed a relatively small de-
gree of pattern overlap between the proposed method and baselines.
For overlapping patterns, the proposed method identified temporal
characteristics differed significantly from that of baselines, which
were manually preset.

Keywords
Learning event dependency, sequential pattern mining, temporal
pattern mining

1. INTRODUCTION

Learning process data are typically represented as sequences of
learning events that partially reflect learners' cognitive processes
and behavioral patterns. The temporal sequential relationships
among learning events, referred to as sequential dependencies, hold
significant pedagogical value [1]. They can support a wide range of
educational applications, such as learning performance prediction
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and learning environment design. For example, sequential depend-
encies in MOOC learning events can serve as features to predict
students' dropout risk [2]; that in video viewing behaviors can help
reveal the engagement with instructional videos [3]; and that in the
resource usage behaviors among a certain group of learners can be
transformed into learning paths recommended to other learners in
the same group [4].

A range of methods has been used to analyze sequence dependen-
cies in learning events, include sequential pattern mining (SPM),
lag sequential analysis, process mining, and ordered network anal-
ysis [5]. However, except for SPM, these methods are generally
limited to characterizing pairwise dependencies between events
and have difficulty capturing the overall sequential dependencies
among multiple learning events. SPM can mine sequence patterns
of various lengths [6] and has been widely used in descriptive, re-
lational, and predictive studies [7, 8, 9], such as mining learning
behaviors, generating features for prediction and classification
models, and filtering learning resources to build recommendation
systems. However, it relies on researchers' manual setup of pattern
parameters, such as the minimum support (the minimum sequences
containing a pattern) as well as positional gaps and time intervals
among adjacent pattern events. Because these preset parameters in-
evitably involve subjective judgment, the manual setup creates a
gray area in the analytical process that may introduce bias into the
results [10], thereby influencing researchers’ understanding of
learning patterns.

Recent advances in deep learning have combined deep neural net-
works with temporal point process models to characterize
sequential dependencies while taking into account factors such as
event position and time interval, thereby enabling future event pre-
diction [11]. Among these models, Hawkes-process-based
approaches are particularly suitable because they capture how prior
events influence subsequent events over time. Accordingly,
Hawkes processes have been widely applied to event prediction
tasks, such as predicting procrastination in online learning [12].
More recently, attention-based extensions such as the self-attentive
Hawkes process (SAHP) [13] and the Transformer Hawkes Process
[14] have further improved the modeling of event sequences and
outperformed recurrent neural network-based Hawkes process
models in future event prediction. However, these models are pri-
marily designed for event prediction and extrinsic target
classification, which limits their usefulness for extracting interpret-
able sequential dependency features.
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To address these limitations, this study proposes a novel method
that combines the self-attentive Hawkes process with the task of
mining learning event sequential dependencies. The proposed
metho aims to reduce reliance on manually preset pattern parame-
ters while extract interpretable patterns of learning events with
relatively strong sequential dependency. To evaluate its effective-
ness in relation to traditional sequence dependency analysis, this
study compares the patterns and time intervals identified by the pro-
posed method with those obtained from baseline SPM algorithms.
Specifically, this study examines the following research questions:

® RQI1: To what extent do the pattern sets mined by the pro-
posed method overlap with those mined by baseline SPM
algorithms?

®  RQ2: For overlapping patterns, how do the time intervals au-
tomatically identified by the proposed method compare with
those preset in baseline SPM algorithms?

2. METHODOLOGY

We refer to the proposed method as the leSPM-SAHP algorithm. It
builds on the SAHP architecture [13] because SAHP showed high
performance in modeling event dependencies and event prediction
while incorporating temporal order and time intervals, making it
suitable for learning-event sequence analysis. Specifically, in self-
supervised learning where the task is the next event prediction, the
model uses the attention output O, derived from the query (Q), key
(K), and value (V) matrices, to quantify the influence of historical
events on subsequent events.

QKT
0 =AV A = Softmax
v Mk

Q =XWQ, K=XWK, v=xwV

The value a;; in the i-th row and j-th column of the attention weight
matrix A represents the strength of sequential dependencies of
event (k;, t;) on historical event (k;, t;) [14]. k; is the event type of
the i-th event, while ¢; is the time elapsed since the first event. To
prevent overly distant events from contributing noise, we intro-
duced a history-length regularization parameter £, which restricts
attention to a bounded temporal context by forcing attention
weights beyond £ positions to approach zero. Correspondingly, if
i-j>{?, a;; approaches 0.

Based on the resulting attention weights, leSPM-SAHP first identi-
fies candidate pairwise sequential dependencies between events.
For each event pair, a Wilcoxon signed-rank test is used to deter-
mine whether its attention weights are significantly greater than the

baseline threshold (ﬁ), so that only statistically significantly de-
pendencies are retained.

Because pairwise dependencies correspond only to patterns of two
events, we then extend them into longer patterns through a layer-
linking pattern expansion procedure. This procedure is motivated
by the ability of higher-order attention layers to encode dependen-
cies involving multiple events. By sequentially linking sequence
patterns across adjacent layers, short dependencies are progres-
sively expanded into longer event sequence patterns.

1 http://moocdata.cn/data/user-activi

2https://opengamedataLﬁE:lddaylab.wisc.edu/ gamedata.php?game=AQUALAB
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Figure 1. The workflow of leSPM-SAHP

Finally, to reduce spurious or practically uninformative outputs, all
extracted patterns are filtered using an expected-frequency criterion,
which were based on the product of the simple frequencies of pat-
tern events. Patterns with occurrence frequencies lower than their
expected frequency in the event sequences are removed, and the
remaining patterns constitute the final pattern set. This design al-
lows 1eSPM-SAHP to reduce reliance on manually preset pattern
parameters in traditional SPM while preserving interpretable pat-
tern and time-interval information for comparison with baseline
SPM algorithms.

3. EXPERIMENT
3.1 Datasets

We evaluated leSPM-SAHP on two contrasting learning-event da-
tasets, a large-scale XuetangX MOOC! dataset and an event-rich
middle-school science game dataset, Wake: Tales from the
Agqualab’®, to examine whether the method performs consistently
across different learning contexts. Table 1 displays basic statistics
of the two datasets. To reduce excessively long inactive gaps, se-
quences in both datasets were split whenever the interval between
adjacent events exceeded 15 minutes.

Table 1. Basic Information of Datasets

Student Number Mean Se- Number

Dataset Type of Stu- quence of Event

P dents Length (SD) Type

Multiple 157.65

MOOC Types 6343 (568.51) 21
Middle

Aqualab | School 590 ( 18 41 97 2'011 0) 58
Students '
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3.2 Baselines
We compared leSPM-SAHP with two recent temporal pattern min-
ing baselines, both of which support time-interval sequential
patterns extraction:

®  OER-Miner (2025): This method employed episode connec-
tion strategies and position index support calculation to
efficiently mines sequential patterns with time interval con-
straints [15].

®  TIRPClo (2023): It achieves complete temporal interval pat-
tern mining through entity projection based on endpoint
sequence transformation and memory indexing [16].

3.3 Analysis

For 1leSPM-SAHP, model hyperparameters were selected using 5-
fold cross-validation, and attention-weight filtering used a signifi-
cance level of 0.05. For the baselines, pattern sets were extracted
under multiple combinations of minimum support and maximum
time-interval settings to provide a systematic comparison across pa-
rameter conditions (Table 2). A pattern was returned by the baseline
only when the proportion of sequences with at least one valid pat-
tern instance was no less than the minimum support, and a pattern
instance was valid when the time interval between adjacent events
was not greater than the maximum time interval.

Table 2. Settings of Pattern Parameters. 25th TI denotes the
time interval at the 25th percentile rank among all event time
intervals (the time interval between the first event of a sequence
and all other events in the sequence)

Dataset Parameter Level
Minimum Support 0.15,0.20, 0.25,0.30
MOOC Maximum Time
25th TI, 50th TI, 75th TI
Interval
Minimum Support 0.55, 0.60, 0.65, 0.70
Aqualab - -
Maximum Time 25th TI, 50th TI, 75th TI
Interval

Under each combination of pattern parameters, we compared the
filtered pattern set P produced by 1leSPM-SAHP with the baseline
pattern set Parase (see Figure 2). Specifically, a denotes the count of
patterns identified only by 1eSPM-SAHP, b denotes the count of
patterns identified only by the baseline method, and ¢ denotes the
count of overlapping patterns. Before filtering, the corresponding
counts were recorded as a’, b', ¢'. For the overlapping patterns (¢),
we further compared the differences in maximum time interval
identified by leSPM-SAHP with those preset in the baseline SPM
algorithms.
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Figure 2. Metrics for comparing leSPM-SAHP with baselines.
P’ was the unfiltered pattern set extracted by leSPM-SAHP,
while P was the filtered pattern set. Prise was the pattern set
extracted by the baselines

. . b
We focused on three metrics of pattern overlapping: ﬁ, P and
br

br+cr’
that the sequence patterns extracted by 1eSPM-SAHP cannot be

If ﬁ is small and the interval difference is large, it means

covered by existing algorithms. If ﬁ is large and % is small, it
indicates that many patterns extracted by baselines existed in the
unfiltered pattern set by leSPM-SAHP but not in the filtered pattern
set, which means baselines may extract many patterns without rel-
atively strong event dependencies as their frequencies lower than
the expected frequency.

4. RESULTS & DISCUSSION

In the MOOC dataset, the number of patterns mined by OER-Miner
ranged from 23 to 2385, that by TIRPClo ranged from 16 to 794,
while that by leSPM-SAHP was 630. In the Aqualab dataset, the
number of patterns mined by OER-Miner ranged from 765 to 7305,
that by TIRPClo ranged from 603 to 6728, while that by leSPM-
SAHP was 3653.

As shown in Figure 3, in both datasets, ﬁ consistently remained

at a low level, with mean values of 3.46% and 0.76% for MOOC
and Aqualab datasets, respectively. This indicates that only a small
proportion of the sequential patterns in the filtered set extracted by
1eSPM-SAHP overlapped with those extracted by the baseline al-
gorithms. In other words, most patterns identified by leSPM-SAHP
were not covered by the baseline under the tested parameter settings.

® OER-Miner A TIRPClo -== b/(b+c) — b'/(b'+c) —= c/la+c)
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Figure 3. The three metrics under each parameter combination

. . . b
More importantly, across all combinations in both datasets, F’C,

was 0. This indicates that the patterns extracted by the baseline al-
gorithms were also present in the unfiltered output of leSPM-SAHP.

. b . .
However, in the Aqualab dataset, P remained at a high level, fluc-

tuating between 98.14% and 99.19%, and in the MOOC dataset, it
was also large under many parameter combinations, although
smaller in some conditions. Taken together, these results suggest
that the divergence between leSPM-SAHP and the baseline meth-
ods arose primarily from the filtering stage rather than from a
failure of 1eSPM-SAHP to initially identify the patterns extracted



by the baselines. In other words, many patterns extracted by the
baseline algorithms existed in the unfiltered pattern set of leSPM-
SAHP but were not retained after filtering. This suggests that fre-
quency-based SPM algorithms may preserve many patterns that
satisfy support-based criteria but are not retained under the depend-
ency- and expected-frequency-based filtering procedure of leSPM-
SAHP.

For overlapping patterns, we next examined whether the maximum
time intervals identified by 1eSPM-SAHP differed significantly
from those preset in the baseline SPM algorithms. For each fixed
combination of dataset, maximum time interval, algorithm, and
minimum support, we tested whether the time interval differences
significantly differed from zero using the Wilcoxon signed-rank
test. To control for error due to multiple comparisons, p-values
were adjusted using the Benjamini-Yekutieli correction.

Figure 4 displays the heatmap of mean time interval differences
across datasets, maximum time intervals, baseline algorithms, and
minimal support. In the MOOC dataset, the time interval differ-
ences were uniformly positive across all conditions, and all 24 cells
were statistically significant. This indicates that, for overlapping
patterns, the maximum time intervals identified by leSPM-SAHP
were consistently larger than those preset in the baseline methods.

In Aqualab, time interval differences were also consistently posi-
tive and significant under the 25th and 50th TI thresholds. By
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contrast, under the 75th TI threshold, all Aqualab cells turned neg-
ative, and five of the eight cells remained statistically significant
after correction. Thus, while the MOOC results showed a stable
pattern of larger time intervals under 1eSPM-SAHP, the Aqualab
results suggest that the direction and magnitude of time interval dif-
ferences depended on the maximum time interval condition. This
set of findings addresses RQ2 by showing that, even for overlap-
ping patterns, leSPM-SAHP and the baseline SPM algorithms often
assigned different temporal spans to the same pattern.

Taken together, the results indicate that the overlap between
1eSPM-SAHP and the baseline SPM algorithms was limited in both
datasets, and that the temporal characteristics of overlapping pat-
terns often differed significantly. A plausible explanation is that
existing SPM algorithms depend on manually preset pattern param-
eters, such as minimum support and maximum time interval,
whereas leSPM-SAHP does not rely on such preset thresholds in
the same way and instead derives dependency information from the
data through the SAHP model structure and filtering procedure.
From this perspective, leSPM-SAHP may capture sequential pat-
terns and time intervals among learning events that are not easily
recovered when pattern parameters must be specified in advance.
More broadly, these findings suggest that sequence dependency
analysis in educational data mining may benefit from approaches
that infer temporal and frequency constraints adaptively from data
rather than relying on researcher-defined parameter settings.
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Figure 4. Comparison of time interval differences for overlapping patterns under each condition. Asterisks denote Benjamini-
Yekutieli-adjusted significance against 0 (* p <.05, ** p <.01, *** p <.001)

5. LIMITATIONS AND FUTURE WORK
At the same time, these findings should be interpreted with caution.
Low overlap does not by itself prove that leSPM-SAHP identifies
more meaningful patterns than the baseline methods; rather, it
shows that the proposed method yields substantially different out-
puts under the present comparison framework. Similarly, the fact
that many baseline patterns were filtered out by leSPM-SAHP sug-
gests that those patterns were not retained under dependency-based
screening, but it does not by itself establish that they are substan-
tively unimportant. Additional validation is therefore needed to
examine whether the patterns preferentially retained by leSPM-
SAHP are indeed more informative, interpretable, or pedagogically
useful in real educational settings.

For overlapping patterns, this study only compared their time inter-
val differences. Future research should further examine positional
interval differences to provide a more complete comparison of pat-
tern features across methods. Additionally, this study utilized only
two datasets and two baseline algorithms. Subsequent research
should extend the comparisons to data from more diverse learning
contexts and a broader range of algorithms to investigate whether
the degree of pattern overlap depends on dataset characteristics or
algorithmic assumptions.
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