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Abstract

�e growing use of computer-based assessments has produced complex process data that capture learners’

cognitive and behavioral processes in real time. Among these, eye-tracking data provide rich temporal

information on how individuals attend to and process visual information during problem solving. Yet,

analyzing such high-dimensional, temporally dependent, and multimodal data remains a methodological

challenge. �is study introduces a two-component data-analytic framework (DAK) for integrating and

interpreting structured and unstructured data in educational assessments. �e first component employs

a time-aware long short-term memory Autoencoder to extract latent features representing dynamic visual

attention patterns. �e model extends conventional architectures by incorporating fixation duration and

elapsed time between actions, using a data-driven temporal decay function, and optimizing a multi-target

reconstruction objective. �e second component integrates these extracted features through clustering,

categorical data analyses, and mixed-effects modeling to generate construct-relevant validity evidence for

test-taking and learning behaviors.We demonstrate theDAKusing structured scores and unstructured eye-

tracking data from a spatial rotation learning program. Results reveal distinct behavioral patterns linked to

test performance and intervention effectiveness, highlighting the potential of multimodal process data to

advance psychometric modeling and instrument design.

Keywords: eye-tracking data; feature extraction; high-dimensional data; pattern recognition; process data

1. Introduction

�e increasing use of computer-based assessments and digital technologies has produced extensive
behavioral data for educational and psychological research. Among these, eye-tracking has become a
valuablemethod for examining cognitive and behavioral processes. Prior studies have used eye-tracking
data to uncover cognitive mechanisms during testing (Kaczorowska et al., 2021; Zhu & Feng, 2015),
describe test-taking behaviors (Man & Harring, 2023), and gather validity evidence for item and test
design (Yaneva et al., 2021, 2022). In particular, applications to mental rotation tasks have provided
important insights into spatial reasoning, problem-solving strategies, and gender-related differences in
cognitive processing (e.g., Nazareth et al., 2019; Xue et al., 2017).
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Figure 1. The example of the fixation sequence for one participant on one question.

Our motivation data set stems from an experiment that used a spatial rotation learning program
(Wang et al., 2026, 2020) to assess participants’ mental rotation skills. �e program includes two test
blocks and two learning blocks, with learning blocks placed between the test blocks. Each block has
10 multiple-choice questions, with the learning blocks featuring additional interactive elements. Eye-
tracking equipment captured participants’ eye-movement data during the experiment, which generated
a rich array of data that capture both static and dynamic aspects of visual behavior. Typically, eye-
tracking systems record raw gaze coordinates over time, which can then be processed into summary
eye-movement metrics, such as fixation duration and count, saccade length and velocity, number of
glances, and visit frequency or duration within predefined areas of interest (AOIs).

Beyond these aggregated indicators, eye-tracking devices also provide temporal sequences of gaze
events—including the order, duration, and transitions between fixations and saccades—offering fine-
grained representations of an individual’s eye-movement trajectory during task performance. An
example is shown in Figure 1 for one participant’s fixation sequence in one test question. �e action At

represents the fixation location on an area of interest at time point t, and the duration of each fixation
and the elapsed time between two consecutive fixations are also available. Such sequential data enable
researchers to explore dynamic patterns of visual attention and information processing that cannot be
captured by summary statistics alone (e.g., Liu & Cui, 2025).

Compared with aggregated indicators, unstructured eye-tracking sequence data retain richer, fine-
grained information about individual differences. Although our focus is on eye-tracking sequences,
their analytic value can be understood within the broader process-data framework, where prior studies
have demonstrated how process data can be used to model latent traits, improve proficiency scoring,
identify behavioral prototypes, and predict performance outcomes (Chen, 2020; Fang & Ying, 2020;
He et al., 2019, 2023; LaMar, 2018; Liu et al., 2018; Tang, 2023; Ulitzsch, Molter, et al., 2022; Zhang,
Wang, et al., 2022). �ese findings suggest that unstructured eye-movement sequences likewise offer
rich diagnostic potential for understanding how individuals engage with tasks and solve problems.

�e goal of this case study is to analyze both structured data (binary response scores) and unstruc-
tured data (eye-movement sequences) from the testing and learning blocks to provide construct
validity evidence about participants’ testing and learning behaviors. Specifically, we address six research
questions (RQ): For testing behaviors, we ask (RQ1) what participants’ testing behaviors are in Test
Blocks 1 and 2, (RQ2) how these behaviors change between the two blocks and relate to different
question types, and (RQ3) how testing behaviors are associated with overall test performance. For
learning behaviors, we examine (RQ4) what participants’ learning behaviors are in Learning Blocks
1 and 2, (RQ5) how these behaviors vary across question types, and (RQ6) how learning behaviors are
associated with testing behaviors to better understand the linkage between learning and assessment
processes.

�e research questions on testing behaviors (RQ1–RQ3) aim to examine participants’ problem-
solving processes and explore how variations in response patterns relate to question types and per-
formance outcomes. �ese analyses are expected to yield construct validity evidence for the test items
and provide deeper insights into participants’ testing performance. Likewise, the research questions on
learning behaviors (RQ4–RQ6) focus on how participants engage with learning materials, how these
behaviors vary by question type, and how learning behaviors influence subsequent testing behaviors.
Findings from these analyses will contribute validity evidence for the learning design and inform
potential refinements to the integration of learning and assessment components.
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To answer these questions, we must address the challenges inherent in analyzing dynamic, high-
dimensional, and multimodal data. �e dynamic nature arises from the platform’s design, which
records data across multiple time points, while the high-dimensional and multimodal aspects stem
primarily from the eye-tracking sequences that capture fixation durations and inter-action intervals
across four blocks. To tackle these challenges, we propose a data analytic framework (DAK) comprising
two integrated components that address two key issues: (1) analyzing unstructured, high-dimensional
sequence data and (2) integrating and interpreting evidence across multiple analytic results.

�e first component of the DAK proposes a new time-aware long short-term memory (T-LSTM)
Autoencoder framework for feature extraction. �is framework builds on existing LSTM research
(Min et al., 2019; Yin et al., 2021) by incorporating the duration of actions and the elapsed time
between consecutive actions, along with the original eye-movement sequence, providing a more
comprehensive analysis of eye-tracking data. We demonstrated the effectiveness of this new feature
extraction method and provided guidance on how to select the best Autoencoder model based on
different hyperparameters. �e second component of our DAKs provides systematic guidelines for
interpreting the patterns captured in extracted features through an integrated suite of data-analytic tools.
When interpreted appropriately, process data (e.g., log files, eye-tracking sequences, and response times)
can provide construct-relevant evidence by revealing whether the strategies and behaviors observed
during problem solving align with those anticipated in the evidence model (He et al., 2021; Wang et al.,
2023). However, a major challenge in applying feature extraction methods to educational assessment
tasks lies in the limited interpretability of the extracted features, which o�en hinders their direct use
in addressing substantive research questions. Specifically, we employed a series of statistical analyses,
including (a) clustering analyses of extracted features to identify distinct patterns of test-taking and
learning behaviors, (b) categorical data analysis techniques to summarize and compare changes in
these patterns, thereby providing evidence for the quality of assessment design and the effectiveness of
learning interventions, and (c) generalized mixed-effects models to examine the relationships between
test-taking behaviors and test performance.

�e remainder of this article begins with a description of the motivating dataset and an overview of
the proposedDAK.We then detail the two components of theDAKand demonstrate their application in
addressing the six research questions using the motivating data. Finally, we conclude with a discussion
of key findings, limitations, and directions for future research.

2. Motivation data and overview of the proposed DAK

�e structured and unstructured data are from a sample of 70 participants with their interaction
of a spatial rotation learning platform, which are summarized in Table 1.1 For each participant, the
structured data include binary response scores for all items in both the test and learning blocks, while
the unstructured data consist of eye-movement sequences recorded during task performance. Among
various eye-tracking metrics, we focus on fixation sequences, as fixation patterns are well-established
indicators of how individuals allocate attention and process information. Longer or more frequent
fixations o�en reflect greater cognitive effort or uncertainty in decision-making (e.g., Rayner, 1998,
2009). In this study, our primary goal is to enhance the interpretability of test-takers’ testing and learning
behaviors using features derived from eye-tracking sequences, rather than focusing on predictive tasks
such as score prediction. An earlier work has conducted a multidimensional exploratory analysis on
using 100 eye-tracking summary variables and participants’ response score and response time in one
test block from this experiment and discovered that the latent structures extracted from fixation-related
variables can offer meaningful insights into individuals’ test-taking processes (Wang et al., 2026). Based
on these considerations, we include only fixation sequence data in the following analyses.

1�e experiment procedure and data cleaning procedure can be found in Wang et al. (2026).
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Table 1. Structured and unstructured data from each participant

Block # Questions Structured data Unstructured data

TB1,TB2 10 for each block Binary score Fixation sequence

LB1,LB2 (action location, duration, and

elapsed time)

Note: TB represents the test block, and LB denotes the learning block.

Figure 2. Example of a fixation sequence from one participant to one question.

2.1. The complexity of unstructured eye fixation sequence data

An eye fixation sequence with temporal and sequential dependencies is shown in Figure 1. For this
experiment, a participant’s fixation sequence on a question contains six unique locations as described
by Figure 2. Look_1 denotes location on the first object (initial position) in the example rotation; Look_2
represents the second object (ending position) in the example rotation; and Look denotes other parts
of the Look area. Question denotes the central part (circled in red), which represents the new object
to be mentally rotated; option_correct denotes the location of the correct answer in the multiple-choice
options; and option_wrong is the location on any of incorrect options.

�e learning platform includes seven types of questions across two test blocks and two learning
blocks,measuring rotations in one or twodirections along the x or y axis for 90 or 180 degrees (x90, x180,
y90, y180, x90y90, x90y180, x180y90).Details of the design can be found inTable 2 ofWang, Zhang, et al.
(2020).�e questions in four blocks follow the same format (Figure 2), with the key difference being that
participants were not informed of their response accuracy in the test blocks, while in the learning blocks,
they were given feedback on correctness and had the opportunity for additional learning interventions.

2.1.1. High dimensionality

�e first challenge to address fixation sequences is their high dimensionality and nonstandard format.
Consider the fixation sequence data from70 participants answering 10 questions in test block 1. Treating
each participant’s sequence for one question as a single observation gives 700 observations, each with a
varying number of variables. As shown in Figure 3, the length of eye-tracking sequences varies widely.
For instance, the average sequence length is 430, but some exceed 1,000, reaching up to 2,000, far
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Figure 3. The distribution of fixation sequence lengths for test block 1.

Figure 4. Distribution of fixation duration for each action (test block 1).

surpassing the sample size. �is high-dimensional sequence data presents challenges for traditional
statistical methods.

2.1.2. Motivation of considering fixation duration

To preliminarily examine whether integrating fixation duration with fixation location provides a more
informative basis for distinguishing testing and learning patterns, we analyzed the distribution of
fixation durations in Test Block 1 (Figure 4). �e results show that fixation duration distributions vary
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Figure 5. Five transition patterns of consecutive fixations for test block 1 sequences.

notably across locations. For instance, locations, such as “look” and “question,” display wider ranges and
longer tails, indicating greater variability, whereas “option_correct” and “option_wrong” exhibit more
compact distributions. �ese findings suggest that fixation duration captures meaningful differences
across action types and should be examined in conjunction with fixation location sequences when
analyzing testing and learning behaviors.

2.1.3. Motivation of considering elapsed time

To examine how elapsed time between consecutive fixations influences transitions, we divided all
fixation pairs into five subsets based on quartiles of the elapsed time distribution: Q1 (elapsed times
below the 1st quartile), Q2 (between the 1st quartile and median), Q3 (median to 3rd quartile), Q4
(above the 3rd quartile but below 3000 ms), and a final subset for extremely long elapsed times
(>3,000 ms). For each subset, we constructed a 6× 6 transition matrix to represent the probabilities
of transitioning between locations. Each element (i,j) in the matrix represents the probability of
transitioning from action i to action j, estimated using the proportion of observed transitions in this cell
relative to all transitions. Figure 5 displays thesematrices from test block 1. InQ1, participants primarily
remain within the same location, indicating that shorter elapsed times strengthen the influence of the
current fixation. As elapsed time increases (up to Q4), location transitions become more evenly dis-
tributed, reflecting a reduced fixation influence.�is trend is most noticeable in the final matrix, where
transition probabilities approximate a uniform distribution for very long elapsed times (>3,000 ms).
�ese findings highlight the importance of considering elapsed time when analyzing fixation
transitions.

2.2. Overview of the two-component DAK

We propose a comprehensive two-component DAK for complex, high-dimensional structured and
unstructured data, as shown in Figure 6.
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Figure 6. The proposed data analytic framework.

�e first component addresses the challenges of analyzing unstructured data with temporal and
sequential dependencies. Specifically, it examines two key questions: (1) how to effectively extract
features from high-dimensional fixation sequence data by incorporating both fixation durations and
elapsed times between consecutive fixations and (2) how to identify the optimal feature extraction
model using an appropriate evaluation mechanism. �e second component focuses on integrating
and interpreting evidence from multiple analytic results to answer educationally meaningful research
questions in the context of the spatial rotation experiment. Sections 3 and 4 provide details of these two
components.

3. DAK component 1

3.1. Rationale of the DAK component 1

Existing approaches for analyzing unstructured, unsegmented sequence data have been studied in
the psychometrics (He & Cui, 2025), process mining (Bogarín et al., 2018), and natural language
processing literature. �ey can generally be categorized into several types. One category relies on
summary variables or similarity measures derived from raw sequences (Hahn & Klein, 2025; Ivanová
et al., 2022; Liu & Cui, 2025; Schnipke & Scrams, 1997; Ulitzsch et al., 2021). �e features or pairwise
sequence similarity measures are o�en used to identify clusters of sequential patterns (Križanić, 2020;
Song et al., 2008; van Dongen & Adriansyah, 2009; Yang et al., 2022) that reflect meaningful individual
differences. However, the outcomes of such approaches are typically sensitive to how these summary
features or dissimilarity measured are defined.

Another category of approaches focuses on data-driven feature extraction from the raw sequences,
preserving temporal and sequential pattern information in a data-driven manner. Without pre-
specifying a subset of patterns/characteristics to attend to, these methods could yield more faithful
representations of underlying individual differences in behavioral or cognitive processes, but at the
same time can be more difficult for interpretation. Accordingly, the first component of our analytic
framework is designed to extract data-driven features from unstructured data while retaining their
temporal and sequential dependencies.

Although various feature extraction techniques have been applied to process data across educational
and behavioral domains (e.g., He et al., 2021;Min et al., 2019; Pardos et al., 2014; Peña-Ayala, 2014; Tang
et al., 2020; Zhang et al., 2022, 2023), only a few incorporate timestamp sequences alongside process
data (Tang et al., 2021; Ulitzsch et al., 2021). Moreover, even when temporal information is considered,
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Figure 7. Autoencoder model structure. (a) Overall architecture incorporating temporal information. (b) Notation and data represen-

tation at the sequence level.

different types of timing information, such as action duration and time intervals between actions, are
rarely differentiated.

In the context of eye-tracking fixation sequences, accounting for different types of time-related
information, such as fixation durations and the elapsed time between consecutive fixations, is essential
(see Figure 1). Two participants may focus on the same locations in the same order, yet their problem-
solving strategies can differ substantially based on their temporal patterns. Variations in fixation
duration and inter-fixation intervals can reveal meaningful differences in attention allocation, cognitive
load, and decision-making strategies.

3.2. The proposed Autoencoder with T-LSTM

We now introduce an Autoencoder model (Hinton & Salakhutdinov, 2006) to extract hidden features
from fixation sequence data.�e model incorporates both fixation sequences and their corresponding
time and elapsed time data, integrating temporal information into feature extraction.�e encoder and
decoder use a novel T-LSTM framework, which captures the impact of elapsed time on subsequent
actions.

Let S = {si}N1 denote the fixation sequences, where N is the total number of sequences. �e ith

sequence, si = (si,t, . . . ,si,Ti)T , represents the sequence of actions, with si,t being the tth action and Ti the
total number of actions. Each action corresponds to one of six fixation locations: A = {Look, Look_1,
Look_2, Question, Option_correct, and Option_wrong}. Additionally, the time duration sequence for
the ith sequence is denoted as di = (di,t, . . . ,di,Ti)T , where di,t represents the duration of the tth action.
�e elapsed time sequence is li = (0,li,2, . . . ,li,Ti)T , where li,t denotes the time between actions si,t−1
and si,t . �e Autoencoder model, illustrated in Figure 7, extracts representative features from the eye-
tracking sequence si with the help of both time information li and di.�e following sections detail key
components of this framework.
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3.2.1. Input

�e categorical actions in si pose a challenge for neural networks due to the absence of inherent
numerical relationships. To overcome this, we convert each action into a numerical embedding vector of
size k using a learnable embedding layer (Bengio et al., 2003; Hancock & Khoshgo�aar, 2020; Mikolov,
2013). Mathematically, the embedding layer is parameterized by a learnable matrix We ∈ R6×k, where
6 is the number of unique actions and k is the embedding size. For each action s ∈A, the embedding
vector e ∈Rk:

e =WT
e us, (1)

where us ∈R6 is a one-hot encoded vector representing the action s, such that the s-th entry is 1 and all
others are 0. For each sequence si, the embedding is represented as a matrix Ei = (ei,1, . . . ,ei,Ti)T with
shape Ti × k, where ei,t = (ei,t,1 . . . ,ei,t,k)T . By embedding the actions, we map the discrete categories
into a continuous vector space, enabling the neural network to better capture semantic relationships
between actions.

To capture how time influences these behaviors, we include not only the action sequence si but also
the corresponding time duration di and elapsed time li, that is, feeding all of them into the Autoencoder
model for feature extraction. Mathematically, we concatenate Ei,li, and di along the column dimension
to form Xi = [Ei,li,di], which serves as the input to the Autoencoder.

3.2.2. Encoder and decoder with T-LSTM framework

�eAutoencodermodel includes two primary parts: an encoder and a decoder.�e encoder compresses
the input Xi into a latent representation zi, formulated as

zi = fencoder(Xi), (2)

where zi ∈Rh is intended to capture high-level features of the input sequence iwith dimension h.�at is,
zi represents the key feature of the original inputXi and serves as the compressed feature representation
used for subsequent analysis. Ideally, if zi fully captures the information hidden inXi, then we should be
able to reconstructXi based solely on zi.�us, the decoder reconstructs the originalXi from zi through

Ôi = fdecoder(zi), (3)

confirming that zi effectively encodes the relevant information. In the Autoencoder model, the encoder
block fencoder and decoder block fdecoder play a critical role in effectively extracting hidden features.

To effectively capture the underlying structure in the high-dimensional sequential eye-tracking data,
we design fencoder and fdecoder as extensions of the long short-term memory (LSTM) architecture (Hihi &
Bengio, 1995; Hochreiter, 1997), referred to as T-LSTM, which incorporates duration and elapsed time
information into the fixation action sequences.�e standard LSTM framework is widely used in fields
like patient subtyping, anomaly detection, and speech recognition (Baytas et al., 2017; Irie et al., 2016;
Lindemann et al., 2021; Yu et al., 2019), effectively capturing sequential dependencies, preserving long-
term memory, and mitigating the vanishing gradient problem (Hihi & Bengio, 1995; Pascanu, 2013).

LSTMs consist of a sequence of memory blocks, each containing a cell state and three gates: the input
gate, forget gate, and output gate. �e cell state carries the information of the current memory block,
while the gates regulate the flow of information into and out of the cell state. �e forget gate decides
which information to discard, allowing the LSTM to forget irrelevant data.�e input gate controls the
addition of new information to the current cell state, enabling the network to update its memory with
new inputs. Lastly, the output gate determines which information to pass to the output, based on the
current contents of the cell state and the network’s learned parameters.�is architecture enables LSTMs
to remember important information over long sequences and to discard irrelevant data.
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In the implementation of an LSTMmemory block, the input gate it , forget gate ft , candidate value of
the memory cell c̃t , and output gate ot at time t are computed with Equations 4–7, respectively,

it = σ (Wixt +Uiht−1+bi), (4)

ft = σ (Wf xt +Uf ht−1+bf ), (5)

c̃t = tanh(Wcxt +Ucht−1+bc), (6)

ot = σ (Woxt +Uoht−1+bo), (7)

where W and U are weight matrices, b is the bias vector of each unit, and σ and tanh are the logistic
sigmoid and hyperbolic tangent activation functions, respectively.

�e current memory cell’s state ct is calculated by modulating the current memory candidate value
c̃t via the input gate it and the previous memory cell state ct−1 via the forget gate ft , and ct = it c̃t + ftct−1.
�rough this process, a memory cell decides whether to keep or forget the previous memory state and
regulates the candidate of the current memory state via the input gate.�e memory cell state ct is then
controlled by the output gate ot to compute the memory cell output ht of the LSTM block at time t,

ht = ot tanh(ct) . (8)

To incorporate the crucial temporal information, we develop T-LSTM by employing the elapsed
time li to weight the short-term memory built on the work from Baytas et al. (2017).�e observations
in Section 2.1 show that the passage of time reduces the influence of a previous action on the current
one, thereby diminishing how past memory affects the current output. To address this, we propose
adding a weight, determined by the elapsed time and pre-defined function g(⋅), to adjust the previous
memory cell state ct−1 in the LSTM framework. Specifically, the adjusted previous memory cell state
c∗t−1 is calculated by

c
S
t−1 = σ(Wdct−1+bd)ct−1,

ĉ
S
t−1 = cSt−1 * g(lt),
c
T
t−1 = ct−1− cSt−1,
c
∗

t−1 = cTt−1+ ĉSt−1.

(9)

Accordingly, the current memory cell’s state ct will be

ct = it c̃t + ftc∗t−1. (10)

An illustration of the T-LSTM memory block is provided in Figure 8. Our T-LSTM autoencoder
stacks these blocks to form an encoder–decoder. Given the input sequence Xi = [Ei,li,di], the encoder
processes it in time order and produces the final hidden states hTi . We take this last hidden state as the
sequence representation, zi ∶= hTi in Equation (2), summarizing the full fixation trajectory together with
its timing (durations and elapsed times). �e decoder is initialized with the encoder’s terminal states
(hTi,cTi). To ensure that the representation alone carries the information needed for reconstruction,
the decoder receives a sequence of zero vectors as input; at each step, it updates its state solely from
its internal memory. �is “zero-input” design creates a tight bottleneck: if the decoder accurately
reconstructs actions and times, then the encoder has indeed captured the essential temporal–sequential
structure in zi.

3.2.3. Output

Each decoder output ôi,t is mapped to class probabilities over the six actions by a single-layer perceptron
(Almeida, 2020; Rosenblatt, 1958) followed by so�max:

pi,t = so�max(W0ôi,t +b0) ∈R6
, (11)
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Figure 8. An illustration of a T-LSTMmemory block.

whereW0 and b0 are learnable parameters of the one-layer perception.�e resulting probability vector
pi,t contains six elements (pi,t,1, . . . ,pi,t,6)T , each representing the likelihood of the corresponding
action class. �e predicted action for timestep t in sequence i is, ŝi,t = argmaxpi,t , that is, the action
class with the highest probability. For simplicity in notation and implementation, the six distinct actions
in action set A are represented by integers from 1 to 6. We have the reconstructed fixation sequences
Ŝ = {ŝi}Ni with ŝi = (ŝi,t, . . . , ŝi,Ti)

T .
Alongside action reconstruction, we also predict the time sequences li and di. Two separate regres-

sion layers operate on the decoder outputs Ôi to estimate l̂i,t and d̂i,t for each time t:

l̂i,t = ReLU(w⊺1 ôi,t +b1),d̂i,t = ReLU(w⊺2 ôi,t +b2), (12)

where w1 and w2 are learnable weight vectors, and b1 and b2 are scalar biases.
�us, at each step, the decoder yields (1) action probabilities, (2) a non-negative elapsed time, and

(3) a non-negative duration, enabling joint reconstruction of sequence content and timing from zi.�e
accurate reconstructions of these three components from the extracted feature/representation hT can
validate that we successfully extract the essential information from the original sequences.

To achieve the accurate reconstruction, we optimize the model’s learning parameters using the
traditional reconstruction loss, that is, the discrepancy between the original and reconstructed data
through gradient descent (Ruder, 2016).

�e learnable parameters include WT
e in the embedding layer, the parameters in the encoder block

fencoder and decoder layer fdecoder that we will discuss in the following section, as well asW0, b0, w1, w2,
b1, and b2 in the classifier and regressors added a�er the decoder layer. Collectively, these parameters
are denoted by θ.

For the fixation action sequences, the discrepancy between S and the reconstructed Ŝ is measured
using the cross-entropy loss

LCE(θ ∣ S) = − 1

N

N

∑
i=1

1

Ti

Ti

∑
l=1

6

∑
k=1

I(si,t = k) log(pi,t,k), (13)

where I(⋅) is the indicator function. �is loss function is a widely used criterion for measuring the
difference between the true action and the predicted probability. It ensures that the model is penalized
more heavily when it assigns a low probability to the correct action. Considering the reconstruction
performance on temporal information, we apply the widely used mean squared error (MSE) loss,
defined as follows:

LMSE(θ ∣ T ,D) = 1

N

N

∑
i=1

1

Ti

Ti

∑
t=1

[(li,t − l̂i,t)2+(di,t − d̂i,t)2] . (14)
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Wecombine the cross-entropy loss LCE for action prediction and theMSE loss LMSE for time sequence
reconstruction into a unified objective function:

L = LCE+λLMSE, (15)

where λ is a hyperparameter balancing the contributions of two parts. By minimizing this combined
loss, the Autoencoder effectively learns to extract meaningful hidden representations from the input,
enabling accurate reconstruction of both the action sequence and its associated temporal information
from the hidden space.

3.3. Implementation issues and discussion

In this work, we adopt a one-layer T-LSTM structure for both the encoder and decoder blocks. Under
this structure, four key issues are considered: the selection of function g(⋅) in Equation (9), the
determination of three hyperparameters: weighting parameter λ, embedding size k, and hidden feature
size h.�e strategy we use is to first identify potential pools for each function/hyperparameter and then
select the optimal values through several evaluation criteria. Below, we provide guidance on how to set
reasonable pools for each function/hyperparameter.

3.3.1. Selection of g(⋅)
Function g(⋅) essentially captures how elapsed time affects subsequent actions, which can be proposed
based on evidence from a data set. As shown in Figure 5, longer elapsed times correspond to a dimin-
ished influence of the current fixation on the next one. �us, a decreasing function is a natural choice
in our case. We observed from Figure 5 that as elapsed time increases, the transition pattern changes
rapidly at first but stabilizes over longer intervals. For instance, when the elapsed time is around 800
ms, the transition pattern closely resembles that at very long intervals (e.g., > 3,000 ms).�is empirical
pattern supports the use of an exponential decay function, since it decays quickly at the beginning and
then gradually levels off, consistent with the observed transition dynamics.�e exponential form is also
mathematically simple, differentiable, and widely used inmodelingmemory decay and time-dependent
influence in sequential data, making it both interpretable and computationally efficient. Consequently,
we set g(l) = exp(−αl), with α = 0.003, a value carefully selected to match the empirical transition
patterns observed in the data (see Figure 9(a)).

For comparison, three additional functions are presented in Figure 9(b)–(d), illustrating common
possible patterns in how elapsed time impacts subsequent actions. Specifically, the constant function
g(l) = 1 in Figure 9(b) represents the standard LSTM, where elapsed time has no effect on subsequent
actions. In contrast, the other two functions exhibit different trends: one shows an initial decrease in
influence followed by an increase, while the other demonstrates a consistently increasing trend.

3.3.2. Weighting parameter λ

To determine the weighting parameter λ in Equation (15), which balances the action and time sequence
contributions, we ensure that their losses are on a similar scale during early training.�is prevents one
part from dominating. In our dataset, LCE is on the scale of 1, while LMSE is on the scale of 0.1. Since
our primary goal is to reconstruct the action sequences, with time information as supplementary, we
set the maximum λ to 10 to align LCE and λLMSE on the same scale. We also test values of 0.1 and 1 to
emphasize LCE.

3.3.3. Embedding size k

�eoretical and empirical work suggests that for a large number of unique actions, the optimal
embedding size is proportional to the number of actions, with a small scaling factor, such as 0.2 (Guo &
Berkhahn, 2016; Yin & Shen, 2018). In our case, with only six unique actions, we consider embedding
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Figure 9. (a) The proposed data-driven function. (b)–(d) Three potential alternative functions.

sizes from the pool 5,10,15, capping at 15 to prevent over-fitting. A smaller size of 5 is suitable for simple
action sequences, while 15 offers greater capacity to capture complex patterns.

3.3.4. Hidden size h

�e selection of the hidden size, that is, the dimension of the extracted features, is closely related to
the nature of the input data. A smaller hidden size may result in the loss of important information,
while a larger one risks the model learning an identity function, thereby failing to extract meaningful
features. Given that the average sequence length of our data is around 400, and the belief that students’
problem-solving behaviors can be effectively represented by features of relatively low dimensionality, we
set the largest hidden size to be 20, which is 5% of the average sequence length.�e possible pool for the
hidden size is defined as {5,10,20}, which allows for experimentation to determine the optimal balance
between compression and reconstruction fidelity. For more complex datasets or sequences containing
richer information, we recommend considering higher dimensions, such as 30 or 50. However, the
hidden size should generally remain modest to ensure effective information compression and to help
subsequent analyses.

3.3.5. Evaluation

To evaluate the Autoencoder model’s performance with a set of hyperparameters, we focus on its ability
to accurately reconstruct the fixation action sequences S , emphasizing the reconstruction of action
sequences using temporal information. Performance is assessed based on three criteria. �e first is
Accuracy, which measures the proportion of correctly reconstructed actions compared to the original
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input sequence and is defined as

Accuracy = 1

N

N

∑
i=1

1

Li

Li

∑
l=1

I(si,l = ŝi,l). (16)

�e second is BLEU (Bilingual Evaluation Understudy Score), which evaluates the similarity between
the original and reconstructed sequences based on overlapping n-grams. For each sequence pair (si, ŝi),
the BLEU score is computed as

BLEU = exp( 1
M

M

∑
m=1

logpm), (17)

where pm = Number of overlapping m-grams between si and ŝi
Total number of m-grams in ŝi

is the precision ofm-grams of lengthm. In this study,

we setm = 4 and compute the final BLEU score by averaging the BLEU scores across all sequences.
�e last isROUGE (Recall-OrientedUnderstudy for Gisting Evaluation), which evaluates the quality of

the reconstructed sequence by comparingm-gram recall and the longest common subsequence (LCS).
Form-grams, the ROUGE score for a sequence pair (si, ŝi) is defined as

ROUGE-M = Number of overlapping m-grams between si and ŝi

Total number of m-grams in si
. (18)

For the LCS, ROUGE-L is defined as

ROUGE-L = LCS length

Length of si
. (19)

In thiswork,we calculate theROUGE score for each sequence byROUGE= ROUGE-1+ROUGE-2+ROUGE-L
3

,
and average it over all sequences. �ese three metrics provide a comprehensive evaluation of the
Autoencoder’s performance by assessing both token-level reconstruction (accuracy) and sequence-
level quality (BLEU and ROUGE). Higher values indicate better model performance.

4. DAK Component 2

�e primary output of our T-LSTMAutoencoder framework is the set of learned feature representations
{zi}N1 (Equation (2)).�ese features serve as compressed representations of the eye-tracking sequences,
capturing both the sequential patterns of fixations and their temporal dynamics (duration and elapsed
time). Using the extracted features, we apply a set of statistical methods to analyze the features and
structured response data to address the six research questions described in the Introduction section.

4.1. Clustering analysis

To explore participants’ testing and learning behaviors, we apply hierarchical clustering to features
extracted from fixation sequence data during testing and learning blocks.�e clustering uses pairwise
dissimilarities, computed with the Euclidean distance metric. We implement hierarchical clustering
using theWard.Dmethod in the hclust function from the statsR package (Ward Jr., 1963). To determine
the optimal number of clusters, we use both the hierarchical structure in the dendrogram and silhouette
analysis (Rousseeuw, 1987; Shutaywi & Kachouie, 2021). �e silhouette index evaluates both intra-
cluster cohesion and inter-cluster separation. For each point i, the intra-cluster distance ai is the average
Euclidean distance to other points in the same cluster, while the nearest-cluster distance bi is the
minimum average distance to points in any other cluster. �e silhouette coefficient si is calculated as

si = bi−ai
max(ai,bi), (20)
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with values ranging from −1 to 1, where values closer to 1 indicate better clustering. �e average
silhouette width is computed for different cluster numbers, and the number of clusters that maximizes
this value is chosen as optimal.

4.2. Statistical tools facilitating interpretation

4.2.1. Descriptive statistics and visualization

To address research questions RQ1 and RQ4, we calculate descriptive statistics for each cluster,
including the number of sequences, average response accuracy, and the distribution of fixation locations,
presented via pie charts. We also adjust the transition matrix for each cluster to highlight deviations
in transition probabilities from the overall pattern, aiding our interpretation of testing and learning
behaviors based on clusters from the testing and learning blocks.

4.2.2. Contingency table analysis

To address research questions RQ2, RQ5, and RQ6, we perform contingency table analysis between
testing clusters across test blocks 1 and 2, and across different item types in testing blocks (RQ2), as
well as between learning clusters across the two learning blocks and different item types (RQ5), and
between learning and testing clusters RQ6. We use mosaic plots, where the area of each rectangular
tile represents the conditional relative frequency for a cell in the contingency table, to summarize the
patterns of association. Cramer’s V is used to calculate the association between testing clusters and
item types, and between learning clusters and item types. Additionally, χ2 tests of independence, using
likelihood ratio statistics (G2), assess the significance of associations between the two sets of clusters.

4.2.3. Generalizedmixed effect model

To explore the relationship between testing clusters and the test performance (RQ3), we fit the
generalized linear mix-effect model (GLMM) (Breslow & Clayton, 1993) where the outcome variable
is the binary score to each question (1 indicating correct and 0 otherwise), the explanatory variables
include the testing cluster ID, the type of items, and the block identifier. Additionally, we include
a person-level random effect to account for individual-level variability, capturing the within-person
correlation in test performance. Note that we reduce the item types to levels of 2, indicating an item
measures one direction rotation or two direction rotations to simplify the interpretation.�e GLMM is
conducted via lme4 R package (Bates, 2015).

5. Application of the two-component DAK

As our six research questions are related to testing and learning behaviors, in this section, we provide the
feature extraction results for the testing and learning blocks separately.�e feature extraction procedure
is executed on an NVIDIA Tesla V100 Tensor Core, and the clustering procedure is executed on a Mac
with a 10-Core M1 Max processor and 32 GB memory, utilizing the CPU.

5.1. The best fitted T-LSTM Autoencoder model for testing blocks

As discussed in Section 3.2, we define the function g as g(l) = exp(−0.003l). For comparison, we evalu-
ate three alternatives: g(l) = 1 (comp1), g(l) = 2( l

400
−1)2+0.1 (comp2), and g(l) = exp(0.001l)−0.95

(comp3), as shown in Figure 9. We also note that comp1 represents the standard LSTM, where elapsed
time has no effect on subsequent actions. For each g(.) function, we fit different T-LSTM Autoencoder
models using all combinations of hyperparameters: the weighting parameter λ ∈ {0.1,1,10}, embedding
size k ∈ {5,10,15}, and hidden size h ∈ {5,10,20}, as outlined in Section 3.2.
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Table 2. Comparison of model performance across different metrics (Accuracy, BLEU, and ROUGE) for the testing

blocks, with their chosen hyperparameters

Accuracy BLEU ROUGE

Model Embed Hidden λ Score Embed Hidden λ Score Embed Hidden λ Score

comp1 5 20 10.0 0.393 15 5 0.1 0.226 15 5 0.1 0.366

comp2 15 20 0.1 0.394 15 5 0.1 0.215 15 5 0.1 0.360

comp3 10 20 0.1 0.398 10 10 0.1 0.207 10 10 0.1 0.347

our 10 10 0.1 0.393 15 5 0.1 0.233 15 5 0.1 0.383

Note: The best score for each metric is highlighted in bold.

A�er data cleaning, we obtained 1,387 fixation sequences from the two testing blocks, which were
split into training, validation, and test sets (70%:15%:15%).We systematically evaluated all hyperparam-
eter combinations using grid search (Liashchynskyi & Liashchynskyi, 2019), training each configuration
on the training set and validating it on the validation set to identify the optimal configuration.�e best
configuration for each g(l)was then tested on the test set for an unbiasedmeasure of generalization.�is
three-way split and validation-driven hyperparameter selection helped prevent overfitting and ensured
reliable performance estimates.

Table 2 compares the performance of the best T-LSTM Autoencoder model under different g(⋅)
functions using accuracy, BLEU, and ROUGE scores. �e comp2 function performs best in accuracy
(0.398), while our proposed function is slightly lower (0.393).However, our function outperforms others
in BLEU (0.233) and ROUGE (0.383). While accuracy differences between the functions are small,
BLEU and ROUGE scores vary more significantly, ranging from 0.207 to 0.233 for BLEU and 0.347 to
0.383 for ROUGE. BLEU andROUGEmeasure sequence-level quality, while accuracy focuses on token-
level reconstruction.�ese results confirm that our data-driven function performs better in sequence-
level quality.

We observe that the optimal hyperparameter configuration based on BLEU and ROUGE is the same
for both our proposed function and the three competitors. However, the configuration selected based
on accuracy differs from this. Given the minimal differences in accuracy and the consistency between
BLEU and ROUGE, we choose the hyperparameter configuration selected by BLEU and ROUGE and
use it to extract the features.�at is, for the testing blocks, the extracted feature has a dimension of h = 5.

5.2. The best fitted T-LSTM Autoencoder model for learning blocks

Following the same procedure used for the testing blocks, we evaluate the T-LSTMAutoencoder model
for the learning block fixation sequence data. For the learning blocks, we design the function g(⋅) as
g(l)= 1.5exp(−0.004l). To compare its performance,we also consider three alternative functions: g(l)=
1 (comp1), g(l) = 1.5( l

300
−1)2+0.1 (comp2), and g(l) = 0.5exp(0.003l)−0.45 (comp3), as illustrated

in Figure A1 in the SupplementaryMaterial.�e performance of themodel with different g(⋅) functions
is evaluated using accuracy, BLEU score, and ROUGE score, with results presented in Table 3.

We observe similar trends between the learning blocks and the testing blocks. First, different choices
for the g(⋅) function show comparable results in terms of accuracy, with the highest value being 0.409
and the lowest 0.391, while showing significant variation in BLEU and ROUGE scores. Second, the
function we designed achieves the best performance in BLEU (0.147) and ROUGE (0.292). �ird,
the optimal hyperparameter configuration based on BLEU and ROUGE is consistent for both our
proposed function and comp1, whereas the configuration selected based on accuracy differs. Given the
small variations in accuracy and the strong alignment between BLEU and ROUGE metrics, we use the
configuration identified by BLEU and ROUGE to extract features. Specifically, for the learning blocks,
the extracted features have a dimension of h = 20.
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Table 3. Comparison of model performance across different metrics (Accuracy, BLEU, and ROUGE) for the learning

blocks, with their chosen hyperparameters

Accuracy BLEU ROUGE

Model Embed Hidden λ Score Embed Hidden λ Score Embed Hidden λ Score

comp1 5 5 0.1 0.409 5 10 1 0.139 5 10 1 0.268

comp2 10 20 0.1 0.392 15 20 1 0.073 5 5 0.1 0.214

comp3 5 10 0.1 0.391 15 10 1 0.075 15 5 1 0.204

our 5 20 0.1 0.400 10 20 0.1 0.147 10 20 0.1 0.292

Note: The best scores for each metric are highlighted in bold.

Figure 10. (a) Hierarchical clustering dendrogram. (b) Silhouette analysis.

5.3. Results for testing behavior research questions (RQ1–RQ3)

5.3.1. Hierarchical clustering results

�e dendrogram and Silhouette analysis of the hierarchical clustering results using features from test
blocks 1 and 2 are shown in Figure 10. �e Silhouette analysis suggests an optimal cluster number of
5, where the silhouette score peaks and then plateaus with minimal variation. �e dendrogram also
supports this choice, with clear separation between clusters at this level. Beyond this, merging occurs at
higher heights, indicating weaker cohesion within larger clusters.

5.3.2. RQ1: Interpretation of testing clusters

In Table 4, we present basic information for each cluster, including the number of observations, average
accuracy, and the proportion of sequence originating from test block 1.�ese basic statistics highlight
notable differences among the clusters. For example, Cluster 1 has the highest average accuracy (0.74),
whereas Cluster 2 shows the lowest accuracy (0.59). A detailed analysis of each cluster and their
corresponding problem-solving strategies is provided in the following sections.

Figure 11 shows the proportion of each fixation location in each cluster. Across all clusters, the
highest proportions are for “look_1” and “question,” indicating participants focus on these areas during
problem-solving. All clusters have low fixation proportions for “option_correct,” suggesting less gaze
effort for correct options. “Look” consistently has the lowest fixation proportions, indicating limited
attention to non-key areas.

Cluster 1 has a relatively balanced distribution of fixations on these different locations, withmoderate
focus on Look_1 (23%) and Question (26%); the highest exploration of incorrect options and correct
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Table 4. Descriptive statistics for five testing clusters

Cluster 1 Cluster 2 Cluster 3 Cluster 4 Cluster 5

Number 699 204 117 154 213

Avg. acc 0.74 0.59 0.68 0.64 0.65

Prop of block 1 68% 22% 26% 41% 35%

Figure 11. The distribution of six fixation locations for each cluster.

Table 5. Summary statistics of sequence length distribution for each cluster

Cluster Min 1st Q Median Mean 3rd Q Max

1 2.00 29.00 48.00 53.55 70.00 167.00

2 29.00 96.75 141.50 171.69 225.00 635.00

3 25.0 78.0 123.0 142.6 178.0 404.0

4 4 80.25 115.00 135.44 176.50 543.00

5 21.0 75.0 117.0 134.9 161.0 458.0

options among the five clusters. �e fixation location distributions from Clusters 2 and 3 are similar,
especially the proportions of Look 1 are similar and higher than the other three clusters. Cluster 4 has
the highest proportion for the Question (30%) among the five clusters and relatively balanced focus on
Look_1 (27%) and Option_Wrong (17%). Cluster 5 has balanced proportions between Look_1 (26%),
Look_2 (14%), and Question (26%).

Table 5 provides the summary statistics for the distribution of sequence length for each cluster.
Cluster 1 has the shortest average sequence length compared to the other four clusters.�e remaining
four clusters have similar sequence length distributions, with Cluster 2 exhibiting the longest sequence
lengths among them.
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Figure 12. The adjusted transition matrix for five clusters.

Table 6. Problem solving (PS) behaviors interpretation

Cluster Characteristics

TC1 (Quick Navigation PS) Exploratory and less focused on screen

TC2 (Example-Driven PS) Highly rely on example questions and choice they choose

TC3 (Targeted PS) Focused and deliberate engagement with specific areas

TC4 (Less decisive PS) Moderate change, with slightly cautious tendencies

TC5 (Balanced PS) Balance explorations and answering questions

�e adjusted transition matrix for each cluster in Figure 12 highlights how transition probabilities
deviate from the overall pattern. Positive values (red) indicate transitions that occur more frequently
within the cluster compared to the overall data, while negative values (purple) indicate transitions that
occur less frequently. Cluster 1 shows fewer self-transitions, suggesting participants avoid focusing
on the same areas or lingering too long. Cluster 2 has more self-transitions (L1–L1, Q–Q) and fewer
L1–L2 transitions, indicating less systematic exploration. Cluster 3 mirrors Cluster 2 but with fewer
transitions from Wrong to Q, Q to Wrong, and Q to Correct, suggesting a more focused problem-
solving approach. Cluster 4’s pattern is similar to the overall average, with slight increases in transitions
like L to L1 and Q to Q, reflecting a more cautious strategy. Slight decreases in transitions like L to Q
and Correct toWrong suggest reduced guessing or incorrect answers. Cluster 5 resembles Cluster 4 but
shows fewer repetitivemovements, such as L1 to L1 andCorrect toQ, andmore transitions fromCorrect
to Wrong.

Based on the above analysis, we interpret the five testing clusters as representing five distinct
problem-solving strategies, summarized in Table 6.
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Figure 13. Themosaic plot of contingency table between item type and testing cluster in two tests.

5.3.3. RQ2: The change of problem-solving strategies

Figure 13 shows two mosaic plots comparing five problem-solving strategies and seven item types
across two test blocks. In test block 1 (before learning interventions), participants primarily use the
quick navigation strategy (Cluster 1) for easier one-direction rotation items (x90, y90, x180, y180).�is
strategy decreases as the items become more complex with two-direction rotations (x180y90, x90y90,
x90y180), indicating greater difficulty. �e targeted strategy (Cluster 3) is less common but increases
slightly for more difficult two-direction rotations.�e remaining strategies (Clusters 2, 4, and 5) show
varying patterns. �e G2 test reveals a significant dependence between the testing cluster and item
type in test block 1 (G2(24) = 159.15, p < 0.001), with Cramer’s V of 0.216, indicating a moderate
association.

We observed amarked decrease for quick navigation (Cluster 1) in test block 2 compared to test block
1, especially onmore difficult items (x180y90, x90y180), suggesting participants havemoved away from
a stepwise exploratory approach a�er learning interventions.�e other four clusters all increase across
different types of items. �e G2 statistics show a significant dependence between testing cluster in test
block 2 and item type at significance level of 0.05, G2(24) = 184.35, p < 0.001.�e Cramer’s V is 0.249,
indicating a moderate association.

5.3.4. RQ3: The relationship between problem-solving strategies and score

�e GLMM results are summarized in Table 7. Quick navigation strategy (Cluster 1) serves as the
reference group, with test takers using this strategy showing the highest probability of correct responses
a�er controlling for covariates. Both Example Driven (Cluster 2) and Less Decisive (Cluster 4) strategies
have significantly lower probabilities of correct responses compared toQuickNavigation. No significant
difference in response probability is found between Quick Navigation (Cluster 1) and Targeted strategy
(Cluster 3), suggesting similar performance levels. Although not significant, the Balanced strategy
(Cluster 5) shows a slightly lower probability of correct responses than Quick Navigation, implying
that it may not consistently lead to correct outcomes. More complex items (item_type = 1) significantly
reduce correct response probabilities, highlighting the difficulty of items requiring two skills. Questions
in test block 2 (a�er intervention) show significantly higher probabilities of correct responses than test
block 1.

https://doi.org/10.1017/psy.2026.10096 Published online by Cambridge University Press

https://doi.org/10.1017/psy.2026.10096


Psychometrika 859

Table 7. Generalized linear mixedmodel results

Estimate Std. error z value Pr(> ∣z∣)

(Intercept) 1.6821 0.1840 9.140 < 2e-16

cls2 −0.6456 0.2502 −2.581 0.009856

cls3 −0.1737 0.2965 −0.586 0.558150

cls4 −0.5588 0.2540 −2.200 0.027823

cls5 −0.2745 0.2363 −1.161 0.245440

item_type2 −1.3279 0.1743 −7.618 <0.001

block_id1 0.5451 0.1644 3.317 0.000911

Figure 14. (a) Scree plot showing the percentage of variance explained by each principal component. (b) Hierarchical clustering

dendrogram. (c) Silhouette analysis.

5.4. Results for learning behavior research questions (RQ4–RQ6)

5.4.1. Hierarchical clustering results

�e extracted features from fixation sequences in learning blocks 1 and 2 have a high dimensionality of
20, which can make distance calculations for hierarchical clustering less meaningful due to the curse of
dimensionality. To address this, we apply principal component analysis (PCA) to reduce dimensionality,
removing noise and redundancy for more efficient clustering and improved interpretability. Based on
the Scree plot in Figure 14(a), we identify three principal components as optimal, as the “elbow” in the
plot shows that these components capture most of the variance, with additional components explaining
minimal variance. Hierarchical clustering is then performed using these three components.

�e results of the Silhouette analysis and dendrogram are shown in Figure 14(b) and (c). �e
Silhouette analysis shows a significant increase in the score when the number of clusters rises from two
to three. Adding more clusters continues to improve the score, but at a slower rate, up to nine clusters.
However, nine clusters reduce interpretability. Based on the dendrogram, four clusters are identified as
the most suitable, as they are well-separated and avoid the weaker cohesion seen with further merging.

5.4.2. RQ4: Interpretation of learning clusters

�e descriptive statistics for each learning cluster, including the number of observations, average
accuracy, and the proportion of data from learning block 1, are summarized in Table 8. �e fixation
sequence in Clusters 1 and 2 has higher response accuracy than Clusters 3 and 4, and learning block 1
is dominated by Clusters 1 and 2.

Figure 15 documents the distributions of eye fixation locations for each cluster. Cluster 1 shows a
balanced approach, distributing attention across the “Question” (26.82%), the example object’s initial
position (“Look 1,” 25.90%), and other elements like “Look 2” (14.96%) and “OptionWrong” (16.09%).
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Table 8. Descriptive statistics for four learning clusters

Cluster 1 Cluster 2 Cluster 3 Cluster 4

Number 338 489 212 350

Avg. acc 0.84 0.87 0.67 0.67

Prop of learning block 1 59% 78% 15% 24%

Figure 15. The distribution of six fixation locations for each cluster.

�ey balance revisiting the problemwith analyzing both correct and incorrect options. Cluster 2 exhibits
a fairly even distribution, with notable focus on “Look 1” (20.29%), “Option Wrong” (21.20%), and
“Question” (26.79%). Participants likely use feedback to assesswhy their previous solutionwas incorrect,
with high attention to “OptionWrong” indicating analysis of earlier mistakes. Cluster 3 focuses heavily
on the example object’s initial position (“Look 1,” 32.68%),with less attention to answer options (“Option
Wrong” 14.80%, “Option Correct” 5.17%).�ey spend significant time on the “Question” (26.40%) and
some on “Look 2” (13.61%), relying primarily on the example setup to reanalyze the task, with limited
focus on validating or correcting their solution. Cluster 4 focuses most on the “Question” (31.12%),
indicating strong engagement with the task. �eir attention to the example object (“Look 1,” 24.27%;
“Look 2,” 12.21%) and options (“Option Wrong” 17.82%; “Option Correct” 6.78%) is lower, suggesting
they prioritize applying feedback to the task rather than analyzing object transitions or comparing
previous solutions.

Table 9 summarizes the distribution of sequence lengths for each cluster. Cluster 1 has short
sequences, with a maximum of 331 fixations. Most sequences range from the 1st quartile (26.0) to the
3rd quartile (78.0), indicating brief task engagement. Cluster 2 shows the shortest sequences among
four clusters, with a maximum of 124 fixations. Most sequence lengths range from 22.0 (1st quartile)
to 48.0 (3rd quartile), reflecting minimal engagement with task components. Cluster 3 has the longest
sequences, with a maximum of 555 fixations. Most sequences range from 71.75 (1st quartile) to 160.25
(3rd quartile), suggesting extensive engagement with the task. Cluster 4 has moderate sequence lengths,
with amaximumof 451 fixations.Most sequences range from 54.0 (1st quartile) to 104.75 (3rd quartile),
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Table 9. Summary statistics of sequence length distribution for each cluster

Cluster Min 1st Q Median Mean 3rd Q Max

1 2.00 26.00 44.50 62.33 78.00 331.00

2 2.00 22.00 33.00 36.72 48.00 124.00

3 21.00 71.75 106.00 129.09 160.25 555.00

4 16.00 54.00 71.50 88.73 104.75 451.00

Table 10. Learning behaviors interpretation

Cluster Characteristics

LC1 (Reflective exploring) Actively explore and evaluate their errors.

Use feedback to analyze both the problem and example components

Balance between reflection and application

LC2 (Feedback-focused) Prioritize understanding why their solution was incorrect

By revisiting and analyzing example transitions

Minimal engagement with new tasks

LC3 (Deep process-oriented) Engage deeply with the example rotation process and feedback

Focusing on understanding the rotation principles

LC4 (Task-oriented) Task-oriented and action-driven

Engage with feedback to inform immediate problem-solving efforts

indicating balanced engagement—participants process the task meaningfully without the exhaustive
focus seen in Cluster 3.

�e adjusted transition matrices in Figure 16 reflect the dynamic characteristics of transitions
between different actions for each cluster. Compared to the overall transition pattern, Cluster 1 shows
a higher likelihood of transitioning from Option Wrong to Correct, L2 to L1, and Correct to L1, while
transitions from L to L1, L2 to L1, Correct to Wrong, and Q to Q decrease. Participants in this cluster
focus on exploring multiple task components a�er receiving feedback, especially incorrect options,
reflecting a reflective approach to error evaluation. Cluster 2 has significantly fewer self-transitions (L1
to L1, L2 to L2, Q to Q, and Wrong to Wrong) and a higher likelihood of transitioning from Option
Correct to Option Wrong, Wrong to Correct, L1 to L2, Q to Option Correct, and L1 to Q.�is strategy
centers on feedback and its connection to the example’s rotation process, with less focus on the new
task, indicating time spent consolidating understanding of previous mistakes. Cluster 3 shows a higher
likelihood of staying in L1, transitioning from L to L1, and Q to Q, with slightly fewer transitions from
L1 to L2, L to Q, Q to Correct, Wrong to Correct, and Correct to Wrong. Cluster 4’s transition pattern
is close to the overall average, with slightly higher chances for Q to Q, Wrong to Wrong, and Wrong to
Q, and a slightly lower chance for Wrong to Correct.

�e above analysis suggests that the four clusters represent distinct learning strategies based on
participants’ eye fixation patterns a�er receiving feedback on their solution.�ese patterns reveal how
participants process feedback, evaluate their original solution, and learn from the example in the spatial
rotation task. Table 10 summarizes our interpretations of the four learning clusters.

5.4.3. RQ5: Association between learning behavior and item type

Figure 17 shows two mosaic plots comparing four types of learning behaviors and different item types
across two learning blocks. Block 1 consists mainly of one-direction rotation items, which are easier to
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Figure 16. The adjusted transition matrix for four clusters.

visualize. Participants primarily use reflective (Cluster 1) or feedback-focused (Cluster 2) strategies a�er
receiving feedback. Some also use the other two strategies for solving rotations like x180, x90y90, and
y180. Block 2 introducesmore complex two-direction rotations, where we observe a significant increase
in deep process-oriented (Cluster 3) and task-oriented (Cluster 4) strategies.�e χ2 tests for both blocks
show that learning strategy is significantly related to item type: G2(12) = 124.36, p < 0.001, Cramer’s
V = 0.219 for Block 1 and G2(18) = 112.03, p < 0.001, Cramer’s V = 0.214 for Block 2.

5.4.4. RQ6: How learning behaviors impact the testing behaviors

Since test block 2 follows directly a�er learning block 2, we construct another 4 by 5 contingency table
(Figure 18) to examine the relationship between participants’ primary learning behaviors in learning
block 2 and their primary problem-solving strategies in test block 2. It’s important to note that each
participant may exhibit different learning and testing behaviors across these blocks.�e major strategy
for each participant is defined as the one they use most frequently when solving or learning a question.

We observe that participants who primarily exhibit reflective exploring behavior (LC1) in learning
block 2 are more likely to use Quick Navigation (TC1) and Balanced Problem Solving (TC5) strategies
in test block 2. Participants with a feedback-focused learning behavior (LC2) tend to favor Quick
Navigation (TC1). �ose demonstrating a deep, process-oriented learning behavior (LC3) are more
likely to use Example-Driven (TC2) strategy. Finally, participants with a task-oriented learning behavior
(LC4) are more likely to use Quick Navigation (TC1), Example-Driven (TC2), and Balanced (TC5)
problem-solving strategies.�e association between these two types of clusters is statistically significant,
with a moderate strength of association, G2(12) = 23.33, p = 0.03, and Cramer’s V = 0.306.
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Figure 17. Themosaic plot of the two contingency tables.

Figure 18. The plot of contingency table between LB2 cluster mode and TB2 cluster mode.

6. Conclusion and discussion

6.1. Contributions of this work

�e major methodological contribution of this work is the T-LSTM Autoencoder framework, which
extracts features from unstructured data with temporal and sequential dependencies. Our proposed
T-LSTMAutoencoder differs from the original T-LSTMmodels in several key ways. First, our approach
uses two time signals as inputs. Unlike prior models that only use elapsed time between events (Δt), we
feed both elapsed time and event durations into the network by constructing the input Xi = [Ei,ℓi,di],
where Ei are action embeddings, ℓi elapsed times, and di durations. Second, we employ a data-driven
choice of the time-decay g(⋅) guided by empirical transition patterns, whereas Baytas et al. (2017)
predefine this function, which may lead to the loss of important information present in real data.�ird,
we have amulti-target reconstruction objective.We jointly reconstruct actions and both time sequences
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using L = LCE + λLMSE, which regularizes latent features to capture what happened and when/how
long. Finally, we discuss how to select hyperparameters and the weight function g(.) through a three-
way evaluation based on various evaluation metrics. Results in Sections 5.1 and 5.2 demonstrate the
advantages of incorporating time duration and elapsed time to improve the reconstruction of categorical
fixation sequences.

While primarily illustrated with an eye-tracking dataset, our feature extraction method can be
applied to any sequential data with temporal and interdependent structures, such as process and log
data (e.g., Bergner & von Davier, 2019; Chen, 2020; Fang & Ying, 2020; Greiff et al., 2013; He et al.,
2016, 2023; LaMar, 2018; Liu et al., 2018; Qiao & Jiao, 2018; Tang, 2023; Ulitzsch et al., 2021; Ulitzsch,
Ulitzsch, et al., 2023). �e evaluation framework presented here can assist researchers in selecting the
best Autoencoder model for their specific applications. For instance, in our case, where the goal is
to reconstruct the eye-fixation sequence using time information (duration and elapsed time), the λ
parameter in the loss function (15) is set within a small range. For applications where time information
plays a more significant role, a larger λ can be used.

�e additional methodological contribution is demonstrating how different statistical tools can
be leveraged to interpret feature extraction results in the context of educational questions. Features
extracted fromprocess data are o�en difficult to interpret, sowe use a set of statistical tools to summarize
patterns and investigate the associations between variables derived from these features.�e results from
these analyses address key educational questions, such as evaluating the effectiveness of test questions
in assessing participants’ spatial rotation skills (examining changes in testing behaviors (E1.2) and their
association with test scores (E1.3)) and the effectiveness of learning interventions in improving those
skills (exploring the association between learning interventions and testing behaviors (E2.3)). �ese
findings also have implications for the development of new psychometric models and the design of
learning programs. For example, the current learning program provides the same test questions and
interventions to all participants. However, results from this study suggest that participants employ
different problem-solving strategies and learning behaviors, which are significantly related to specific
types of questions. Based on these findings, an adaptive learning program could be developed, tailored
to individual testing and learning behaviors, to improve overall learning efficiency.

6.2. Future directions

Our proposed two-component DAK can be further developed through the following perspectives. First,
as one of the reviewers mentioned that, it is possible to extend our work to learn the decay coefficient
α adaptively during training rather than pre-specifying it.�is would allow the model to automatically
discover the most appropriate temporal decay rate for different datasets.

Second, we can strengthen our current T-LSTM framework by using some complementary tech-
niques in other T-LSTMmodels. For example, Nguyen et al. (2021) retain the T-LSTMcell but introduce
cost-sensitive learning to address class imbalance. Our objective could be extended analogously with
class-weighting to handle imbalanced action distributions. Zhang (2019) proposes an attention-based
T-LSTM that aggregates multiple past states with temporal decay. A similar temporal-attention module
could be integrated into our encoder–decoder framework to emphasize salient events.

As suggested by one reviewer, we have conducted a small preliminary experiment with an attention-
based autoencoder (Appendix B of the Supplementary Material). Results show that with our current
dataset size and model scale, Transformer architectures did not perform competitively compared to
LSTM-based approaches.�is result is consistent with the broader literature indicating that attention-
based models typically require both larger model capacity and substantially larger training corpora to
realize their full potential (Brown et al., 2020; Haque et al., 2024; Kaplan et al., 2020). Nevertheless,
attention mechanisms remain a promising avenue for modeling eye-tracking sequences, particularly
given their ability to capture both local dependencies and long-range interactions. Future work could
explore scaling up Transformer architectures, adopting relative or learned positional encodings tailored
for sequential fixation data, and leveraging larger or pretraining datasets (e.g., synthetic or cross-task
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gaze corpora). Such extensions may enable attention-based models to complement or even surpass
recurrent architectures in this domain.

Supplementary material. �e supplementary material for this article can be found at https://doi.org/10.1017/psy.

2026.10096.
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