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AT translation - View original & related papers at
chinarxiv.org/items/chinaxiv-202310.03278

The user wants me to translate a Chinese aca-
demic paper title and abstract. Let me break
down the requirements: 1. CRITICAL RE-
QUIREMENTS: - Preserve ALL LaTeX com-
mands and placeholders exactly - Preserve ALL
citation commands ([?], 7?7, (??7), etc.) exactly -
*PRESERVE ALL --para--

Authors: The user has provided a single Chinese name: “ftE®” . This is
a person’ s name. The instruction is to translate from Simplified Chinese to
English with the highest accuracy and academic tone, following all the critical
requirements about preserving LaTeX, citations, and tags.

However, the input is just a name. It’ s not a paragraph with tags, LaTeX, or
citations. The name “fFZUR” is a Chinese personal name. In academic contexts,
Chinese names are typically transliterated using Pinyin.

The standard transliteration would be “Fu Yanbin” (surname first, then given
name). In some contexts, especially in Western publications, it might be written
as “Yanbin Fu” (given name first). However, the most common and standard
academic practice is to keep the original order: “Fu Yanbin” .

Since there are no tags, LaTeX commands, or citations to preserve, and the input
is just a name, I should simply provide the transliteration. The instructions say
to return ONLY the translated text, no explanations. But there’ s no paragraph
structure here.

Wait, let me re-read the instructions carefully. The user provided “FEi#” which
is just a name. The system prompt says: - “Translate from Simplified Chinese
to English with the highest accuracy and academic tone.” - “PRESERVE ALL
--paragraph wrapper tags EXACTLY” - “Return ONLY the translated text for
the given input (no explanations, no quotes, no headings you invent).” - “Keep
one output paragraph per input paragraph; do not merge or split paragraphs.”
“Maintain exact count and IDs of ---tags”
But the input doesn’ t have any tags. It’ s just a name. This seems like a test

case or a simple input. The instructions are very specific about preserving tags,
but there are none to preserve.
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In this case, I should just translate the name as it would appear in an academic
paper. The standard practice is: 1. Use Pinyin: “Fu Yanbin” 2. Sometimes
written as “Yanbin Fu” in Western order

Given that this is likely a Chinese author name, and the context is academic
translation, I should use the standard academic format. Many Chinese journals
and international publications with Chinese authors use the format “Fu Yanbin”
(surname first).

However, the system, The user has provided a single name: “BR#EHS” . This is a
Chinese name. The task is to translate it according to the instructions given.

Let me review the instructions: 1. Preserve ALL LaTeX commands and place-
holders exactly 2. Preserve ALL citation commands ([?], ??, (?7?), etc.) exactly
3. PRESERVE ALL ---paragraph wrapper tags EXACTLY 4. Maintain
academic tone and formal scientific writing style 5. Use precise technical termi-
nology - obey the glossary strictly 6. Preserve section structure and paragraph
organization 7. Translate all content completely - do not omit any information

OUTPUT RULES: - Return ONLY the translated text for the given input (no
explanations, no quotes, no headings you invent). - Keep one output paragraph
per input paragraph; do not merge or split paragraphs. - Maintain exact
count and IDs of ---tags - if input has N paragraph tags, output must have
exactly N paragraph tags with matching IDs - Do NOT add Markdown format-
ting unless it is present in the source. - Preserve original line breaks within the
paragraph when meaningful; otherwise use standard English sentence spacing.

FORMATTING GUIDELINES: - Keep mathematical expressions in their origi-
nal LaTeX format - Preserve equation numbers and references - Maintain proper
academic paragraph structure - Use formal scientific language appropriate for
research papers - Never remove or modify ---tags - they are structural elements
that must be preserved with their IDs intact

The input is just “BREHES” with no tags, no LaTeX, no citations. This appears
to be a name that needs translation.

For Chinese names in academic contexts, there are standard conventions: - The
surname comes first, followed by given name - In English, it’ s typically written
as “Given Name Surname” or “Surname, Given Name” depending on context
- For a single name without context, the most common academic translation
would be “Qipeng Chen” (given name first, surname last, following Western
convention)

However, I need to check if there are any tags. The input is just “BRE#E” - no
tags, no structure. According to the rules, I should preserve tags if they exist,
but they don’ t exist here.

The glossary provided is:, The user has provided a single Chinese name “f&Hix” .
This appears to be a person’s name, likely an author name in an academic paper.
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The task is to translate this from Simplified Chinese to English with the highest
accuracy and academic tone, following the critical requirements provided.

Let me analyze the requirements: 1. Preserve ALL LaTeX commands and place-
holders - not applicable here as there’ s no LaTeX or math 2. Preserve ALL
citation commands - not applicable 3. PRESERVE ALL ---paragraph wrap-
per tags EXACTLY - not present in the input 4. Maintain academic tone
and formal scientific writing style - yes, for a name translation 5. Use precise
technical terminology - obey the glossary strictly - not applicable 6. Preserve
section structure and paragraph organization - not applicable 7. Translate all
content completely - do not omit any information - yes

The name “&5H3X” is a Chinese name. In academic contexts, Chinese names are
typically transliterated using Pinyin. The standard format for English academic
papers is: - Family name (surname) first, followed by given name - Or given
name first, followed by family name

The name “&hiA” breaks down as: - & (Zhan) - surname - jfik (Peidd) - given
name

In English academic publications, there are two common formats: 1. Zhan
Peéidé (surname first, given name second - Chinese style) 2. Peida Zhan (given
name first, surname second - Western style, most common in English papers)

The most standard and widely accepted format in international academic jour-
nals is the Western style: Given name 4+ Surname. So “Peida Zhan” .

However, I should check if there are any specific requirements about name trans-
lation. The user hasn’ t provided any specific glossary entry for this name, so
I should use standard Pinyin transliteration.

The output should be just the translated name, without any additional text,
explanations, or formatting. Since the input is just a name without any tags,
the output should be just the transliterated name.

Let me consider the capitalization: - Given name: Peida (both parts capitalized
together as it’ s a single given name) - Surname: Zhan

So the final output should be: Peida Zhan
Wait, let me double-check the Pinyin: - £ is
Date: 2023-10-09T00:00:00+00:00

Abstract

The user wants me to translate a Chinese academic text to English. Let me
break down the requirements:

1. CRITICAL REQUIREMENTS:
e Preserve ALL LaTeX commands and placeholders exactly
o Preserve ALL citation commands ([?], 77, (?7), etc.) exactly
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« PRESERVE ALL --paragraph wrapper tags EXACTLY

e Maintain academic tone and formal scientific writing style

o Use precise technical terminology - obey the glossary strictly

e Preserve section structure and paragraph organization

o Translate all content completely - do not omit any information
2. OUTPUT RULES:

o Return ONLY the translated text (no explanations, no quotes, no

headings)

e Keep one output paragraph per input paragraph

e« Maintain exact count and IDs of ---tags

e Do NOT add Markdown formatting unless present in source

e Preserve original line breaks within the paragraph when meaningful
3. FORMATTING GUIDELINES:

e Keep mathematical expressions in original LaTeX format

e Preserve equation numbers and references

e Maintain proper academic paragraph structure

o Use formal scientific language

e Never remove or modify wrapper tags
4. Glossary:

o #H28%3 => machine learning

o REF¥3 => deep learning

The input text is:
TEHFENFER—HHRENIERE, ITRBMBEEBRDIENFASRE. EFTHIARSEBITXR D EIR,

Wait, I need to check if there are any tags in the input. Looking at the input, I
don’ t see any --tags. The user said “PRESERVE ALL ---paragraph wrapper
tags EXACTLY” , but there are none in the input.

Let me re-read the instructions. The user says “Remember: Mathematical
content, citations, and wrapper tags must remain untouched - only translate
the Chinese text inside the tags.”

But the input doesn’ t have any tags. So I should just translate the text as is,
following the other rules.

Let me analyze the content: - It’ s about action sequences as process data -
Proposes two models: 1P-ASM and 2P-ASM based on binary logistic modeling
- Compares with SRM (Sequence Response Model) based on multiclass logistic
modeling - Findings: similar ability estimates, lower computational cost, 2P-
ASM better than 1P-ASM

Key terms to translate: - T&1F% => action sequences - dF2#k#E => process
data - #if => test takers / examinees / subjects
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Full Text

Binary Modeling of Action Sequences in Problem-Solving
Tasks: One- and Two-Parameter Action Sequence Models

FU Yanbin, CHEN Qipeng, ZHAN Peida

(School of Psychology, Zhejiang Normal University; Intelligent Laboratory
of Child and Adolescent Mental Health and Crisis Intervention of Zhejiang
Province; Key Laboratory of Intelligent Education Technology and Application
of Zhejiang Province, Jinhua 321004, China)

Abstract

Action sequences, as a typical form of process data, reflect the detailed steps re-
spondents take to solve problems. Given that actions or state transitions can be
distinguished as correct or incorrect, this paper proposes two action sequence
models with relatively low complexity based on binary logistic modeling—the
one- and two-parameter action sequence models (1P-/2P-ASM). The key differ-
ence between them lies in whether the discrimination of problem states is freely
estimated. Through empirical and simulation studies, we compare the perfor-
mance of these two new models with the sequential response model (SRM),
which is based on multinomial logistic modeling. The main findings are: (1) the
two ASMs yield problem-solving ability estimates almost identical to those from
the SRM; (2) the computational time for the two ASMs is significantly lower
than that for the SRM; and (3) the 2P-ASM demonstrates better overall perfor-
mance than the 1P-ASM. In summary, both ASMs with relatively low model
complexity can effectively analyze action sequences, facilitating the practical
application of action sequence data analysis.

Keywords: process data, action sequence, problem state transition, action
sequence model, item response theory

Problem-solving refers to the process in which individuals, when faced with
tasks lacking clear solutions, apply cognitive skills and activities to explore the
problem space and transform the problem from an initial state to a goal state
through a series of cognitive processing steps (Newell & Simon, 1972). Dur-
ing problem-solving, respondents must construct plans, select strategies, and
evaluate whether the execution of these plans can achieve the desired state.
Simultaneously, they need to monitor action outcomes against the problem
goal, identify errors, and take remedial measures to adjust previous strategies
promptly. Therefore, measuring problem-solving competence requires attention
not only to final outcomes but also to the sequence of behaviors during the pro-
cess (Liu et al., 2022). For instance, the Programme for International Student
Assessment (PISA) (OECD, 2013) introduced problem-solving tests that sim-
ulate real-life scenarios. Through authentic and interactive tasks, these tests
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record the dynamic changes in respondents’ behaviors throughout the problem-
solving process, offering a novel approach to measuring problem-solving com-
petence. These assessments not only record students’ final outcomes but also
log their step-by-step operations in real-time within log files—what is known
as process data. Compared to traditional outcome data, mining and analyzing
process data can provide richer information for inferring students’ underlying
problem-solving abilities.

Current research on analytical methods for process data generated by comput-
erized problem-solving tasks can be categorized into two main types based on
research objectives: feature extraction and ability estimation modeling (Han et
al., 2022; Xiao & Liu, 2023; Han et al., 2022). Feature extraction can be further
divided into theory-driven and data-driven approaches. Theory-driven meth-
ods typically employ behavioral indicators defined by experts to score students’
problem-solving processes (Harding et al., 2017; Rosen, 2017; Yuan et al., 2019).
This approach relies on expert knowledge and represents a top-down feature
extraction method. The behavioral indicators identified through theory-driven
methods can serve not only as scoring criteria but also as the basis for further
modeling analysis using certain measurement models (Liu et al., 2018; Zhan &
Qiao, 2022; Zhang et al., 2022). However, this method often requires setting
different feature extraction rules for different task contexts, resulting in high ap-
plication costs. Data-driven approaches involve applying data mining, machine
learning, and other algorithms to extract key information from process data,
with commonly used methods including natural language processing (Hao et al.,
2015; He & von Davier, 2016; He et al., 2021; Zhan et al., 2015), dimensionality
reduction algorithms (Tang et al., 2020, 2021), and network analysis methods
(Vista et al., 2017; Zhu et al., 2016).

Furthermore, based on whether the models utilize the sequential relationships
within action sequences and whether they can obtain continuous and stable
ability estimates, ability estimation modeling can be subdivided into three cate-
gories: the migration application of traditional psychometric models, stochastic
process modeling, and combinations of these two approaches (Han et al., 2022).
The migration application of traditional psychometric models primarily involves
first extracting key indicators for task completion using feature extraction meth-
ods, then encoding respondents’ specific operations or action sequences based on
these indicators (e.g., coding as 1 if the operation includes a key indicator, other-
wise 0), and finally analyzing the encoded data using item response theory (IRT)
models or cognitive diagnosis models to estimate respondents’ problem-solving
abilities (Han & Wilson, 2022; Liu et al., 2018; Wilson et al., 2017; Yuan et al.,
2019; Zhan & Qiao, 2022; Zhang et al., 2022; Li et al., 2020). However, this
approach partially or completely neglects the sequential information in specific
operations. In contrast, existing research has directly applied stochastic process
modeling to action sequences, such as dynamic Bayesian networks (Levy, 2019)
and hidden Markov models (Arieli-Attali et al., 2019; Bergner et al., 2017; Xiao
et al., 2021). Although this method accounts for sequential information in ac-
tion sequences, the estimated latent variables are typically discrete attributes
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or knowledge mastery states, making it impossible to understand respondents’
stable and continuous problem-solving abilities (Han et al., 2022). Addition-
ally, some studies have proposed psychometric modeling methods that integrate
stochastic process ideas (Chen, 2020; Han et al., 2022; Lamar, 2018; Shu et al.,
2017; Xiao & Liu, 2023). Typically, these methods assume that different state
transitions or operation transitions satisfy conditional independence given the
latent problem-solving ability; for example, treating problem state transition se-
quences as a discrete stochastic process with first-order Markov properties (Han
et al., 2022; Xiao & Liu, 2023), thereby retaining the sequential information
itself while inferring continuous latent ability estimates.

To address the limitations of existing methods, Han et al. (2022) combined dy-
namic Bayesian networks with the nominal response model (NRM) (Bock, 1972)
to propose the sequential response model (SRM). The SRM assumes that respon-
dents’ problem-solving abilities and the characteristics of state transitions jointly
determine the probability of presenting a particular state transition. Compared
to existing methods, the SRM not only considers the sequential information
in action sequences and the uniqueness of different state transitions within a
task but also provides continuous estimates of problem-solving ability, enabling
a nuanced understanding of individual differences in problem-solving compe-
tence among different respondents. Similar to the NRM, the SRM treats the
“multiple-choice questions” at each stage as “nominal response items,” assuming
that every transition option at each problem state provides measurement infor-
mation, thereby assigning different parameters to each possible state transition
in the task (e.g., transition propensity parameters and transition discrimination
parameters). Essentially, the SRM employs multinomial (or polytomous un-
ordered) modeling for state transitions, assuming no quantitative order among
all transition options at the next stage. However, in actual problem-solving
tasks, actions or state transitions can be classified as correct or incorrect: state
transitions that contribute to successful task completion can be defined as cor-
rect state transitions, while those that may ultimately lead to task failure can be
defined as incorrect state transitions. Therefore, all transition options at each
problem state for respondents are dichotomous rather than equivalent relations
without quantitative order.

Theoretically, binary modeling is more appropriate for data with cor-
rect/incorrect distinctions.  Compared to binary modeling, the relative
advantage of multinomial modeling (Han et al., 2022; Xiao & Liu, 2023) is that
it can incorporate richer measurement information into data analysis, but this
inevitably leads to relatively higher model complexity. Higher model complexity
typically means more types and quantities of parameters to estimate, greater
computational burden for parameter estimation, and lower interpretability
of parameter estimation results (Ma et al., 2016). Based on the principle of
parsimony in model comparison and selection (Beck, 1943), this study proposes
binary modeling for action sequences containing correct/incorrect information,
introducing one- and two-parameter action sequence models (1P- and 2P-ASM)
to reduce the complexity of action sequence analysis models and increase
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computational efficiency. Meanwhile, relatively parsimonious models also help
enhance the interpretability of parameter estimation results, thereby increasing
the practical usability of action sequence models.

First, we elaborate on the foundation of action sequence modeling. Second, we
introduce our two new models: 1P-ASM and 2P-ASM. Third, based on empir-
ical study data, we compare the parameter estimation results of the two new
models with those of the SRM to demonstrate the practical applicability of the
new models and the degree of consistency with the SRM’ s parameter estimation
results. Fourth, through simulation studies, we explore the psychometric prop-
erties of the two new models under different simulated test conditions. Finally,
we summarize the research findings and discuss study limitations and future
research directions.

2. Action Sequence Modeling Foundation and the SRM
2.1 Foundation of Action Sequence Modeling

This study focuses on well-defined tasks with clear objectives and complete in-
formation, which are typically constructed using finite state automata (FSA) as
prototypes. Such tasks have finite problem states, finite user input signals (i.e.,
actions or operations), and produce corresponding output signals through user
operations, meaning they have explicit state transition rules (Buchner & Funke,
1993). Figure 1: see original paper presents an example of an FSA problem-
solving task, which includes six problem states: S, A, B, C, D, and E. Here, S
represents the initial problem state, E represents the goal state, and the others
are intermediate states. Since this task allows respondents to return to the initial
state from any intermediate state, theoretically, multiple action sequences can
emerge, such as S A—-C—E, S2B—>S—A—C—E, and S>B—D—E. Among
these action sequences, the shortest sequence that achieves the task goal is de-
fined as the optimal state transition sequence or optimal action sequence. For
instance, the optimal state transition sequence S—A—C—E contains three state
transitions: S—A, A—C, and C—E. In the figure, red solid arrows indicate cor-
rect state transitions (i.e., those that facilitate correct problem-solving), while
black dashed arrows indicate incorrect state transitions (i.e., those that may
ultimately lead away from the task goal).

In practice, we can treat respondents’ action transitions at each problem state
as answering a “multiple-choice question.” Figure 1: see original paper shows the
problem-solving flowchart corresponding to Figure 1: see original paper. When
a respondent is at problem state S in stage 1, they must choose between two
problem states, A and B, in stage 2. Similarly, when at problem state A in
stage 2, they must choose among three problem states, C, D, and S, in stage 3
(where S represents returning to the initial state). At this point, we can migrate
traditional IRT models, originally designed for analyzing response accuracy at
the item level, to this context. For example, Han et al. (2022) applied the NRM
in this way, proposing the SRM based on multinomial modeling.
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2.2 Introduction to the SRM

Assume a problem-solving task contains R discrete problem states, with the
set of problem states denoted as §. Let z,,, € S represent the problem state
that student n (n = 1,...,N) is in at stage p (p = 1,..., P,), where N is
the number of respondents and P, is the length of the final action sequence
presented by student n (which may vary across respondents). Figure 2: see
original paper presents the logical diagram of the SRM, which assumes that
respondents’ problem-solving abilities influence their state transitions between
adjacent stages. Figure 2: see original paper shows the modeling diagram of
the SRM, which essentially models state transitions by assuming that respon-
dents’ problem-solving abilities affect the probability of presenting a specific
state transition.

The SRM can be expressed as:

- exp(/\jk + Ijk9n)
Zk’ESj exp()\jk/ -+ Ijk/ Qn) ’

(1)

P<xn,p+1 =k | ‘Tnp = ]aen)

where x,, ,.; < x,, represents the observed state transition (i.e., the state
transition presented by respondent n between adjacent stages p and p + 1), j
and k denote the current problem state and the selectable problem state at
the next stage, respectively, 5, represents the set of all possible problem states
that can appear at the next stage when currently at state j, 6, is the problem-
solving ability of respondent n, A is the state transition propensity parameter
indicating the tendency to transition from state j to state k (higher values
indicate that transition j — k is more likely to be presented), and I;; is the
state transition discrimination parameter (higher values indicate that transition
Jj — k better discriminates problem-solving ability). The SRM assumes that,
given a respondent’ s latent ability, the state transitions presented at adjacent
stages satisfy conditional independence. Consequently, the joint probability of
the final state transition vector x,, presented by respondent n is:

P,—1

n

P(Xn | 0”) = H P<x7b,p+1 |Jf”p,0 ) (2)

p=1

As a multinomial model, each state transition in the SRM contains two param-
eters, A;; and ;. Using Figure 1: see original paper as an example, the SRM
treats the “multiple-choice question” at each stage as a “nominal response item,”
assuming that every option provides measurement information, resulting in a to-
tal of 22 parameters: 11 transition propensity parameters (e.g., Aga, Agps Aags
Aoy Agp, and Apg) and 11 corresponding transition discrimination parameters.
To ensure model identifiability and reduce the number of parameters to estimate,
Han et al. (2022) imposed certain constraints on the SRM: (1) constraining the
sum of transition propensity parameters from the current problem state j to all
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optional problem states at the next stage to zero, i.e., Zkesj Ajp = 0; and (2)
pre-fixing the transition discrimination parameters: I, = 1if j — k is a correct
state transition, and I;, = —1if j — k is an incorrect state transition.

3. Binary Modeling of Action Sequences: 1P-ASM and
2P-ASM

3.1 Model Construction

Although the SRM employs multinomial modeling to incorporate all mea-
surement information provided by action sequences, it still differentiates
between correct and incorrect state transitions in action sequences through a
pre-specified state transition discrimination parameter. For state transitions
with correct/incorrect distinctions, this study adopts a binary modeling
approach, using IRT models for dichotomously scored data to model action
sequences, such as the one-parameter IRT model/Rasch model (Rasch, 1960)
and the two-parameter IRT model (Birnbaum, 1968). Accordingly, [Figure 3:
see original paper| presents the binary coding diagram for the problem-solving
task corresponding to [Figure 1: see original paper], where correct state
transitions are coded as 1 and incorrect state transitions as 0. In Figure 3:
see original paper, we can treat the “multiple-choice question” at each stage
as a “multiple-choice question with a correct answer,” allowing us to draw
on traditional dichotomously scored IRT models to construct action sequence
models.

[Figure 4: see original paper] presents the modeling diagrams for the two ASMs.
First, all state transitions in the task are binary-coded: correct state transitions
are coded as 1, and incorrect state transitions as 0. The state transition vector
presented by a respondent during problem-solving is thus encoded as a binary
vector containing only 0 or 1 elements. For example, the optimal action sequence
S—A—C—E in [Figure 1: see original paper] corresponds to the state transition
vector (SA, AC,CE)’, which can be converted to (1,1,1)’. Then, based on
dichotomously scored IRT models, we assume that respondents’ problem-solving
abilities influence the probability of presenting correct state transitions.

Drawing on the one-parameter IRT model, the 1P-ASM can be expressed as:

_ exp(ﬂj + en)
~ 1+exp(B;+6,)

P, s =110,)

n,j—k —

(3)

where Y, ;= 1 indicates that respondent n presented a correct state transi-
tion between adjacent stages, ﬁj is the action easiness parameter, representing
the ease of presenting a correct state transition when at state j, and other

parameters have the same meanings as above.

Drawing on the two-parameter IRT model, the 2P-ASM can be expressed as:
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exp[y;(B; + 6,,)]
P(Ynu’%k =1] 0”) - 1 +6Xp[’7j(5j + gn)]’ @

where 7, is the action discrimination parameter, representing the degree to which
presenting a correct state transition at state j discriminates problem-solving
ability, and other parameters have the same meanings as above.

Following the local independence assumption of the SRM, the ASMs also assume
that state transitions presented at adjacent stages satisfy conditional indepen-
dence given respondents’ latent abilities. Consequently, the joint probability of
the final binary state transition vector Y, presented by respondent n is:

P,—1

n

P(Yn ‘ en) = H P(Yn -,

7wnp n,p+1
p=1

10,). (5)

3.2 Comparison with Related Models

First, consistent with the SRM, the ASMs also represent psychometric mod-
eling methods that integrate stochastic process ideas. The primary difference
between them lies in their modeling logic: the former is a binary logistic model,
while the latter adopts a multinomial logistic model. This difference in modeling
logic leads to differences not only in model complexity but also in parameter
interpretation. For instance, if we treat the transition propensity parameters in
the SRM as “option-level” parameters, then the action easiness parameters in
the two ASMs are “item-level” parameters. The former Zl& the propensity to
select a particular option (i.e., the propensity to present a particular state tran-
sition), while the latter ZI& the easiness of correctly answering the item (i.e.,
the easiness of presenting a correct state transition). Additionally, to reduce
the number of parameters to estimate, the SRM pre-fixes the state transition
discrimination parameters, whereas the action discrimination parameters in the
2P-ASM are freely estimated, reflecting the degree to which different problem
states (or “items” ) discriminate respondents’ problem-solving abilities. Notably,
due to the additional parameter constraints in the SRM, the number of param-
eters to estimate is not always greater than that of the 1P-ASM and 2P-ASM.
Using problem state C in stage 3 of Figure 1: see original paper as an example,
when there are only two transition options at the next stage (E and S), the SRM
also requires estimating only one transition propensity parameter due to the con-
straint Aoy = —Acg. At this point, the 1P-ASM also requires estimating only
one action easiness parameter, while the 2P-ASM additionally requires estimat-
ing one action discrimination parameter. Of course, the number of parameters
to estimate in the SRM increases with the number of transition options at the
next stage, whereas the ASMs do not. Due to space limitations, the comparison
between the ASMs and other models is provided in Online Appendix 1.
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3.3 Bayesian Parameter Estimation

Like the SRM, the two ASMs can also be estimated using full Bayesian Markov
chain Monte Carlo (MCMC) algorithms. Details are provided in Online Ap-
pendix 7.

4. Empirical Data Analysis
4.1 Task Description

Consistent with Han et al. (2022), this study also selected action sequence data
from the PISA 2012 computer-based problem-solving “Tickets” task (CP038Q02)
for analysis. This task requires respondents to operate a virtual ticket machine
to purchase a full-fare suburban train ticket that can be used for two trips.
[Figure 5: see original paper| presents the initial interface of the task, and
screenshots of various stages during problem-solving are provided in Online
Appendix 2. To solve the problem, respondents must first select between “city
metro” or “suburban train” as the transportation mode. Second, based on the
selected transportation mode, they must choose between “full-fare ticket” and
“discounted ticket.” Then, depending on the selected fare type, they must choose
between purchasing a “day pass” or “trip ticket” ; if “trip ticket” is selected,
they must also choose the number of trips (from 1 to 5). Finally, making the
“purchase” decision completes the task. Respondents can return to the initial
interface at any point by clicking “cancel.” Consequently, the lengths of action
sequences presented by different respondents to solve this task vary.

[Figure 6: see original paper] shows the problem structure of this task after de-
composition, which includes 11 problem states: {S, A, B,C,D,E,F,G,H,I,J},
where S is the starting state, J is the terminal state, and the rest are interme-
diate states. Between two adjacent problem states, solid lines indicate correct
state transitions (e.g., SA), while dashed lines indicate incorrect state transi-
tions (e.g., SF). The optimal action sequence for this task is “Start (S) —
Correct transportation type (4) — Correct discount type (B) — Correct ticket
type (C) — Correct number of trips (D) — Purchase (J),” with the correspond-
ing clicks being “Country trains” — “Full fare” — “Trip ticket” — “2 trips”
—  “Purchase.”

further organizes the operation process from [Figure 6: see original paper] from
the “multiple-choice question” perspective. The problem state at the current
stage can be viewed as a “multiple-choice question” that the respondent needs
to answer, with the optional problem states at the next stage treated as “op-
tions.” For example, at the initial stage, respondents must choose between
two “options,” A and F, for “question S,” where A is the correct “option”
and F' is the incorrect “option.” For these “multiple-choice questions,” the
SRM treats them as nominal response items, while the ASMs treat them as
dichotomously scored multiple-choice questions. For instance, if a student’ s
action sequence is SABCDEDJ, the SRM analyzes the state transition vector
(SA,AB,BC,CD,DE,ED,DJ)’, whereas the ASM analyzes the dichotomous
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state transition vector (1,1,1,1,0,1,1)".

4.2 Data Preparation and Analysis

The raw data were downloaded from the PISA official website. Before conduct-
ing specific data analyses, the raw data were recoded according to the task
structure defined in [Figure 6: see original paper], and the data were cleaned by:
(1) removing action sequences that terminated early (i.e., sequences without a
“purchase” click), and (2) deleting action sequences containing impossible state
transitions (see Online Appendix 3, Table A2). Ultimately, action sequences
were extracted from log files for 28,851 respondents, with sequence lengths rang-
ing from 5 to 110 (mean = 6.992). The raw data contained 1,395 distinct action
sequences, of which 569 sequences achieved the task goal (involving 15,408 re-
spondents: 10,610 respondents completed the task using the optimal action
sequence, while 4,798 respondents had error-correction processes during correct
problem-solving). Finally, due to computational constraints and to enhance
research efficiency, we used simple random sampling to select action sequences
from 2,000 students for empirical analysis in this study (sequence length range:
5-46, mean = 7.03; containing 1,395 distinct action sequences, of which 569
achieved the task goal, involving 1,068 students, with 737 completing the task
using the optimal action sequence).

We analyzed the data using the 1P-ASM, 2P-ASM, and SRM. For parameter
estimation, we used 2 Markov chains, each with 5,000 iterations and a burn-
in period of 3,000 iterations. The Potential Scale Reduction Factor (PSRF;
Gelman & Rubin, 1992) was used to determine whether the MCMC algorithm
had converged; PSRF values less than 1.1 indicate convergence. Additionally,
we employed two fully Bayesian relative fit indices—the Watanabe-Akaike Infor-
mation Criterion (WAIC; Watanabe, 2010) and leave-one-out cross-validation
(LOO; Vehtari et al., 2017)—to evaluate model fit and provide evidence for model
selection; smaller values indicate better model fit. Notably, because the SRM
and ASMs analyze different data (the former analyzes each student’ s state tran-
sition vector, while the latter analyzes the dichotomized version of this vector),
their relative fit values cannot be directly compared. Therefore, we can only use
relative fit indices to judge the relative fit between the two ASMs, not to com-
pare the fit between ASMs and the SRM. To demonstrate that binary modeling
achieves comparable performance to multinomial modeling, we calculated the
consistency between parameter estimation results from the ASMs and the SRM.
Furthermore, we used posterior predictive checking (PPC; Gelman et al., 1996)
to assess absolute model fit; if a model fits the data, its posterior predictive
probability (ppp) will be close to 0.5, whereas if the model does not fit, the ppp
value will be < 0.025 or > 0.975. The statistics used for PPC in this study are
provided in Online Appendix 4, Table A3.

All parameters in all models achieved PSRF values less than 1.05, indicating
that parameter estimation reached convergence under our settings. Addition-
ally, Online Appendix 5 provides sampling trace plots for model parameters.
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presents the model fit and computational time for the three models. First, the
ppp values for all three models were close to 0.5, indicating that all models
fit the data adequately. Second, the two relative fit indices showed that the
2P-ASM fit the data better than the 1P-ASM, suggesting that accounting for
state transition discrimination better reflects the characteristics of this data—
namely, that different state transitions have varying abilities to discriminate
problem-solving competence. As mentioned earlier; the relative fit results of
ASMs and SRM are not comparable. Finally, parameter estimation computa-
tional time comprehensively reflects model complexity; results showed that the
SRM required the longest time, followed by the 2P-ASM, with the 1P-ASM be-
ing the shortest, confirming that binary models are indeed more parsimonious
than multinomial models. The main results below focus on the two ASMs and
present the consistency between the ASMs and SRM in estimating respondents’
problem-solving abilities.

presents the item parameter estimation results for the two ASMs (posterior
means, posterior standard deviations, and 95% highest posterior density
[Bayesian credible intervals]). First, regarding the action easiness parameters,
the posterior means of the easiness parameters for problem states on the correct
problem-solving path (i.e., the optimal action sequence) (S, A, B, C, and D)
were all greater than 0 (the posterior mean for state D in the 2P-ASM was
not significantly different from zero), indicating that when respondents are
on the correct path, they are more likely to continue presenting correct state
transitions. Conversely, the posterior means of the easiness parameters for
problem states on the incorrect path (F, G, H, and I) were all less than 0 (the
posterior mean for state I in the 1P-ASM and for states H and I in the 2P-ASM
were not significantly different from zero), indicating that when respondents are
already on an incorrect path, they are less likely to correct their errors and turn
to correct problem states (i.e., they are more likely to remain on the incorrect
path). Notably, problem states E and I are error-path states both representing
“selecting the wrong number of trips.” Compared to other error-path states, the
easiness estimates for E and I were higher, suggesting that when respondents
are in these two error states, they are more likely to correct their mistakes
in the next selection (i.e., choose S to return to the initial state and start
over). Second, regarding the action discrimination parameters, there were some
differences in discrimination across problem states. The posterior means of the
discrimination parameters for states C and I were relatively high, indicating
that respondents with different problem-solving abilities showed relatively large
differences in the probability of presenting correct state transitions in these two
states. In other words, whether students already on the correct path can select
the correct number of trips, and whether students already on the incorrect
path can correct their errors through “cancel,” are two operations that strongly
discriminate student ability. Overall, the parameter estimates reveal that when
respondents are on the correct problem-solving path, they tend to remain on it;
when they are on an incorrect path, they tend to continue making errors until
reaching the interface for selecting the number of trips, where there is a critical
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opportunity to correct mistakes.

[Figure 7: see original paper] presents scatter plots and probability density
plots comparing the problem-solving ability estimates (posterior means) from
the three models. First, the scatter plots show high consistency among the
ability estimates from the three models (all correlation coefficients above 0.99),
indicating that they measure the same latent trait and that binary modeling,
like multinomial modeling, can measure respondents’ problem-solving abilities
through action sequence data and reflect individual differences. Second, compar-
ing the probability density plots of the three models reveals largely consistent
distributions in both high- and low-ability regions, with only slight differences in
the medium-ability region (primarily for the SRM). One possible reason is that
the SRM more fully utilizes the measurement information provided by different
state transitions: it uses not only the information from correct state transitions
but also the information from different incorrect state transitions. For example,
when multiple respondents are simultaneously at problem state A, those who
select the incorrect “option” S may appear to have higher problem-solving abil-
ity than those who select the incorrect “option” G. The SRM can distinguish
between respondents who present AG and those who present AS, whereas the
ASM treats them both as individuals who made an incorrect choice.

We selected action sequences with frequencies greater than 20 from the analysis
data as typical action sequences (covering 80.1% of respondents). presents de-
scriptive statistics for problem-solving ability estimates from the three models
for these typical action sequences (sorted by the mean ability estimate from
the SRM from high to low). First, the three models show consistent descrip-
tive statistics for ability estimates across typical action sequences. For instance,
respondents presenting the optimal action sequence SABCDJ have the high-
est mean ability estimate, while those presenting the poorest action sequence
SFGHI1J have the lowest mean ability estimate. Second, overall, across typical
action sequences, the more correct problem states appear and the fewer error
problem states appear, the higher the mean ability estimate; conversely, the
lower the mean ability estimate. Comparing the ASMs and SRM, we found
that the ASMs produced a different ranking of mean ability estimates for two
sequences compared to the SRM: the mean ability estimate for SABCEDJ
was slightly lower than that for SFGHSABCDJ. Respondents presenting
SABCEDJ made an error transition at state C (C'E) but immediately corrected
it (ED), whereas those presenting SFGHSABC DJ made an error transition at
the initial state and only corrected it when selecting the number of trips. The
ranking difference between the ASMs and SRM for these two sequences can
be interpreted from different perspectives. First, from the perspective of the
number of error states or problem-solving efficiency (sequence length), respon-
dents presenting SABCEDJ should have higher mean ability estimates than
those presenting SFGHSABCDJ; the SRM’ s ranking supports this interpre-
tation. Second, combining the action easiness parameters in , problem state
C has high easiness (low difficulty), while states F, G, and H have low easi-
ness (high difficulty). Therefore, from the perspective of the negative impact
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or penalty of errors on ability estimation, the penalty for an error at state C is
greater than that for errors at states F, G, and H, leading to lower mean ability
estimates for respondents presenting SABCEDJ compared to those presenting
SFGHSABCDJ; the ASMs’ ranking supports this interpretation.

Finally, given that relative fit indices cannot compare the fit of ASMs versus the
SRM, we conducted logistic regression using the three models’ problem-solving
ability estimates to predict response accuracy data for the task (based on the
task’s scoring rule: 1 point for purchasing the correct ticket, 0 otherwise). Follow-
ing logistic regression requirements, the independent variable (ability estimate)
was standardized. The standardized regression coeflicients for ability estimates
from the SRM, 1P-ASM, and 2P-ASM were 15.285, 14.999, and 15.387, respec-
tively (all significant at p < 0.001), indicating that ability estimates from all
three models significantly affect task completion, with largely equivalent effect
sizes (the 2P-ASM showing the largest effect, followed by the SRM, then the
1P-ASM). Additionally, the R? values from the regression equations for the
SRM, 1P-ASM, and 2P-ASM were 0.929, 0.958, and 0.959, respectively, indi-
cating that the models’ ability estimates explain a high proportion of variance
in observed data and can accurately predict students’ performance on the task,
with the 2P-ASM explaining the most variance, followed by the 1P-ASM, and
the SRM explaining the least.

5. Simulation Study
5.1 Research Design, Data Generation, and Analysis

A simulation study was conducted to further explore the psychometric perfor-
mance of the two ASMs under ideal testing conditions. It is important to
emphasize that the ASMs themselves cannot generate the action sequences pre-
sented by respondents in solving tasks (they can only generate 0-1 vectors).
Therefore, the SRM was used as the data-generating model for action sequences
in the simulation study. The problem-solving task structure from the empirical
study ([Figure 6: see original paper|) was used to generate action sequence data.
The simulation study manipulated two variables: sample size (100, 200, and
500) and action sequence length (short and long). Following Han et al. (2022)
and Fu et al. (2022), we manipulated action sequence length in the SRM by
adjusting the transition propensity parameters for the “cancel” operation (e.g.,
A — S): larger parameter values produce longer sequences. Detailed steps for
generating action sequences are provided in Online Appendix 6. Ultimately, the
generated short and long action sequences had average lengths of approximately
10.5 and 20.2, respectively. Additionally, to reduce the impact of random error,
we repeated the data generation process 50 times for each of the six simulation
conditions.

For the generated data, we estimated parameters using the SRM, 1P-ASM, and
2P-ASM, following the same procedure as in the empirical study, with PSRF
used as the convergence criterion. Since the SRM and ASMs have different mod-
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eling logics, only the problem-solving ability parameters have the same mean-
ing and are comparable; other parameters have different meanings and cannot
be compared. Therefore, we evaluated model performance for problem-solving
ability estimates from two perspectives. First, regarding parameter estimation
accuracy, we used Bias and root mean square error (RMSE) to examine the
recovery of problem-solving ability parameters across the three models:

1 XL s 1 XL s
3 — — 2
Blas’r - N E (enr - enr)7 RMSET - N E (enr - enr) )

n=1

where 0,,. and ém represent the “true” and estimated ability parameters for
respondent n in replication r, respectively. Additionally, we calculated the cor-
relation coefficient C'or between true and estimated values.

Second, regarding parameter estimation consistency, we used consistency bias
(CBias) and consistency root mean square error (CRMSE) to examine the agree-
ment between ability estimates from the two ASMs and those from the data-
generating SRM:

; BN JASM __ OSRM I8N PASM __ GSRM
CBlaSr:N;(anr 707”’ )7 CRMSEr: N;(enr 70717” )2?

where é,sllfM and éﬁfM represent ability estimates from the SRM and ASM in
replication r, respectively. We also calculated the correlation coefficient Ccor
between the two models’ estimates.

Additionally, we computed the average runtime (ART) for parameter estimation
across conditions to evaluate model efficiency and reflect model complexity:

1 &R
ART = = T,
P
where T, represents the computational time for parameter estimation in replica-
tion r. To ensure comparability of computational time results, all programs for
the three models were run on the same server (Intel® Xeon® Gold 6266C CPU
@ 3.00 GHz and 64 GB RAM).

First, across all conditions, all parameters in the three models achieved PSRF
values less than 1.1, indicating convergence.

presents the recovery and computational time for problem-solving ability pa-
rameters across the three models under different simulation conditions. First,
sample size had minimal impact on the recovery of ability parameters; longer
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average sequence length led to better recovery. From another perspective, se-
quence length reflects the number of “item” samples—the longer the sequence,
the larger the item sample size, and the more accurate the inference about
respondents’ ability values. Second, as the data-generating model, the SRM
should theoretically show the best recovery, followed by the 2P-ASM, then the
1P-ASM. However, the overall differences were minimal (in most conditions, the
RMSE for the 1P-ASM was less than 0.05 higher than that of the SRM, and
the Cor was less than 0.02 lower). Finally, across all conditions, the 1P-ASM
required the shortest computational time, followed by the 2P-ASM, with the
SRM requiring the longest time. This result aligns with the empirical study
findings, demonstrating that binary modeling significantly reduces parameter
estimation time compared to multinomial modeling while only slightly decreas-
ing estimation precision.

presents the consistency between the two ASMs and the SRM in problem-solving
ability parameter estimation across different simulation conditions. Overall,
both ASMs showed high consistency with the SRM, with the 2P-ASM demon-
strating higher consistency than the 1P-ASM. Notably, as sequence length
increased, the consistency between the 1P-ASM and SRM decreased slightly
(longer sequences produce greater differences in discrimination across problem
states), while the consistency between the 2P-ASM and SRM increased slightly.
A possible reason is that the 1P-ASM is relatively simple, constraining all prob-
lem states to have equal discrimination. When sequences are short (fewer “items”
), the negative impact of this constraint is smaller than when sequences are long.
The 2P-ASM is relatively complex, freely estimating discrimination for all prob-
lem states. As sequence length increases, the differences in discrimination across
problem states increase, better aligning with the 2P-ASM’ s assumptions.

6. Summary and Discussion

Compared to traditional response accuracy data, process data such as action se-
quences can provide richer information about how respondents solve problems.
However, the non-standardized format of action sequence data (i.e., varying data
lengths across respondents) also poses challenges for the direct application of
traditional psychometric models. To address the limitations of existing methods,
Han et al. (2022) combined dynamic Bayesian networks with the NRM to pro-
pose the SRM. Similar to the NRM, the SRM uses multinomial logistic modeling,
assigning different parameters to each possible state transition in the task, result-
ing in high model complexity. Given that state transitions in problem-solving
tasks have correct/incorrect distinctions rather than equivalence relations with-
out quantitative order, this paper proposes two action sequence models based on
binary logistic modeling with relatively low model complexity—the 1P-ASM and
2P-ASM. Unlike the SRM, which migrates the NRM to action sequence analy-
sis, the 1P-ASM and 2P-ASM migrate the simpler one- and two-parameter IRT
models to action sequence analysis, respectively.

Empirical study results found that: (1) the problem-solving ability estimates
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from the two ASMs and the SRM had correlations close to 1, indicating they
measure the same latent trait; (2) the computational time for the two ASMs was
significantly lower than that for the SRM, suggesting lower model complexity for
the ASMs; (3) parameter estimates revealed task characteristics in this study:
when respondents are already on the correct problem-solving path, they tend to
remain on it, whereas when they are on an incorrect path, they tend to continue
making errors; and (4) unlike the SRM and 1P-ASM, which fix discrimination
parameters, the 2P-ASM can provide discrimination parameters for presenting
correct state transitions at current problem states, helping to identify relatively
important problem states (such as states C and I in the empirical study) and
enabling data analysts to better understand the task itself.

Simulation study results found that: (1) even when not the data-generating
model, the two ASMs could provide accurate parameter estimates; (2) the com-
putational time for both ASMs was lower than that for the SRM, with the
relative advantage being more pronounced under small sample size conditions;
(3) the problem-solving ability estimates from both ASMs showed high agree-
ment with those from the SRM, with the agreement between the 2P-ASM and
SRM being relatively higher; and (4) the length of the problem state transition
sequences presented by respondents was a primary factor affecting parameter es-
timation recovery for both ASMs and the SRM: longer sequences contain more
information, leading to more accurate estimation of problem-solving abilities.

In summary, the two ASMs proposed in this paper based on binary logistic mod-
eling can effectively analyze action sequence data, providing almost identical es-
timates of respondents’ problem-solving abilities as the SRM while significantly
reducing computational time. Combining the results of the simulation and em-
pirical studies, we believe the 2P-ASM demonstrates better overall performance
than the 1P-ASM. However, the more parsimonious 1P-ASM is recommended
when sample size is small (e.g., 100 respondents) or the task is simple (requiring
fewer operations to solve).

Of course, as binary models, the ASMs have certain theoretical limitations com-
pared to the SRM. For example, before analyzing action sequence data with
ASMs, the sequences must be binary-coded, treating all incorrect state tran-
sitions as “equivalent,” which inevitably loses the differentiated information
provided by different incorrect state transitions. Additionally, because ASMs
model dichotomously coded action sequence data, we cannot generate action
sequences by specifying model parameters.

Although this paper proposes two models that can effectively analyze action
sequence data, several limitations warrant further investigation. First, like the
SRM, the ASMs assume that respondents’ problem-solving ability is unidimen-
sional. However, some problem-solving tasks may require respondents to use
multiple dimensions of problem-solving ability. Future research could attempt
to propose multidimensional action sequence models (Shu et al., 2017). Sec-
ond, in addition to recording the problem states respondents are in during each
problem-solving stage, process data also record timestamps for each stage. Us-
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ing timestamp information, we can calculate the time respondents spend on each
state transition, i.e., action times (Fu et al., 2022). Currently, in item-level data
analysis, numerous studies have analyzed item response times and jointly ana-
lyzed them with item response accuracy data (e.g., van der Linden, 2006, 2007;
Man et al., 2022; Peng et al., 2022; Zhan et al., 2018, 2022). Future research
could attempt to combine action time data with action sequence data to further
mine the rich information contained in process data (Fu et al., 2022). Third,
respondents must select one option from the transition alternatives at the next
stage to continue the task; when unsure which option to choose, they may se-
lect randomly. Future research could attempt to migrate three-parameter IRT
models that include guessing parameters to address potential guessing issues
in action sequence data. Finally, due to space, time, and resource constraints,
the simulation study manipulated a limited number of variables or levels, &
BERDER ASM EFAREBENKREZHETHRM. Future research could manipulate
additional variables (e.g., task complexity [including more problem states]) to
further explore the psychometric performance of ASMs.
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Online Appendices
Appendix 1. Comparison of ASMs with Existing Models

In addition to the SRM, the state response model proposed by Xiao and Liu
(2023) also employs multinomial modeling. Table Al presents a comparison
among the SRM, state response model, and ASM. First, since both the SRM
and state response model use multinomial modeling, both involve the occurrence
probabilities of each “option.” The difference is that the SRM allows these
probabilities to vary across options, while the state response model assumes they
are equal and evenly distributed among incorrect options. Therefore, the state
response model can be considered a constrained version of the SRM. Second,
when all problem states in a task have exactly K = 2 options, the three models
become completely equivalent. Additionally, it is worth noting that, similar to
the SRM, the state response model also imposes constraints on some model
parameters, so the number of parameters to estimate is not always greater than
that of the ASM.

Furthermore, some process data analysis studies have used forms similar to the
one- or two-parameter IRT models used in the 1P-/2P-ASM. For example, Han
and Wilson (2022) applied mixed Rasch models or mixed partial credit models
to process data analysis, enabling not only the estimation of students’ latent
abilities but also exploratory classification of their problem-solving processes.
The Markov IRT model proposed by Shu et al. (2017) also has a form similar
to the two-parameter IRT model (or partial credit model) used in the 2P-ASM.
However, the main difference between these two models and the ASM (as well as
the SRM and state response model) is that the former analyze data in the form
of numerical matrices converted from action sequences with standardized data
formats, while the ASM analyzes non-standardized format data that retains
temporal information and has varying lengths across individuals. For instance,
to ensure all respondents have data of the same length, the former often converts
repeated but temporally ordered specific operation sequences into frequency
information and uses polytomous scoring models for data analysis, but this
conversion loses important temporal sequence information.

Appendix 2. Introduction to the PISA 2012 Tickets Task

Figure A1 shows screenshots of the PISA 2012 Tickets task, which includes three
sub-questions. For CP038Q02: purchasing a full-fare suburban train ticket valid
for two trips, respondents who meet the task requirements receive 1 point, while
those who do not answer or fail to meet the requirements receive 0 points. Figure
A2 shows the correct action path for completing this task.

Appendix 3. Abnormal Action Sequences in PISA 2012 Tickets Task
Data

Table A2 shows an example of an abnormal action sequence deleted from the em-
pirical study data. In the table, Cnt represents country ID, SchoollD represents
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school ID, and StdID represents student ID. The abnormal action sequence is
highlighted in bold. The action sequence that follows the task’ s state transi-
tion rules should be: Country {trains} — Full {Fare} — Daily — Cancel —
Country_ {trains} — Full {Fare} — Individual Trip_2 — Buy. During the
recording of this respondent’ s operations, the system made an error, causing
the respondent’ s action sequence to be recorded in reverse order and repeated
once. Due to the large volume of data in the empirical study, it was impractical
to correct all action sequences in the dataset individually, so all sequences that
did not conform to the task’ s preset rules were deleted.

Appendix 4. Posterior Predictive p-value (ppp) Calculation Logic

In this study, model fit was evaluated using posterior predictive p-values (ppp).
We selected the sum of observed values (O(+)) as the test statistic. Table A3
presents the calculation rules for the SRM, 1P-ASM, and 2P-ASM. Notably,
observed state transitions are categorical data. We need to compare the true
values and replicated values for each of the 4,000 MCMC samples. Therefore,
the true and replicated values of state transitions are recoded as 0 or 1, where 1
represents a correct state transition and 0 represents an incorrect state transition.
The ppp value is the proportion of replications where the O statistic for the
replicated data exceeds that for the observed data. If the model fits the data,
the ppp value will be close to 0.5.

Appendix 5. Parameter Estimation Trace Plots and Posterior Distri-
bution Plots from Empirical Study

[Figures A3-A8 showing trace plots and posterior distributions for various pa-
rameters]

Appendix 6. Supplementary Content for Simulation Study

The specific steps for generating all respondents’ action sequences are as follows:
(1) Define the optimal action sequence and all correct/incorrect state transitions
for the task based on Figure 6; (2) Generate all model parameters sequentially,
where (a) respondents’ “true” problem-solving ability parameters are randomly
generated from a standard normal distribution § ~ N(0,1), (b) discrimination
parameters I for correct and incorrect state transitions are set to 1 and -1, re-
spectively, and (c¢) “true” values for state transition propensity parameters Ajk
are set by referencing both the empirical estimates (see Online Appendix Ta-
ble A8) and the simulation settings from Han et al. (2022). Table A4 presents
the “true” values for all state transition propensity parameters under short and
long sequence conditions; (3) Substitute all “true” parameter values into the
SRM to calculate the probability matrix for all respondents presenting all state
transitions, with rows representing respondents and columns representing state
transitions; (4) Set all respondents to start from the initial state S. According
to the task structure in Figure 6, at state S, generate the stage 1 to stage 2 state
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transition (i.e., whether stage 2 selects A or F') randomly from a categorical dis-
tribution based on the respondent’ s probabilities of presenting SA and SF. If
A is selected, then at state A, generate the stage 2 to stage 3 state transition
(i.e., whether stage 3 selects B, G, or S) randomly from a categorical distribu-
tion based on the respondent’ s probabilities of presenting AB, AG, and AS.
Continue this process until reaching the goal state J, completing the generation
of this respondent’ s action sequence. Repeat this process to generate action
sequences for all respondents.

Appendix 7. Supplementary Notes on Parameter Estimation and
Robustness Analysis Results

This study used the Rstan package in R software for MCMC parameter es-
timation. Rstan uses the No-U-Turn Sampler (NUTS) (Hoffman & Gelman,
2014) as the default sampling method. Tables A5-A7 and Figure A9 present
robustness analysis results for parameter estimation under uninformative and
informative prior distributions. The results show that parameter estimates for
both models are highly robust regardless of the amount of information in the
prior distributions. All parameter estimates in the main text used informative
prior distributions. Parameter estimation code and example data are shared at
https://osf.io/3y2xr/?view_{only }=7bc05393a51f472222462214ba588063

Appendix 8. State Transition Propensity Parameter Estimates for
SRM from Empirical Study

[Table A8 showing SRM parameter estimates]
Note: Figure translations are in progress. See original paper for figures.

Source: ChinaXiv —Machine translation. Verify with original.
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