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Abstract

Computer-based problem-solving tests can record in real time the detailed ac-
tion traces of participants as they explore the environment and solve problems,
and save them as process data. First, the analysis workflow of process data
is introduced, and then, starting from problem-solving tests, research on two
aspects of process data—feature extraction and ability estimation modeling—is
reviewed and evaluated respectively. Future research should focus on: improving
the interpretability of analysis results; incorporating more information during
feature extraction; achieving ability assessment in more complex problem sce-
narios; emphasizing the practicality of methods; and integrating and drawing
upon analytical methods from different fields.
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Abstract

Computer-based problem-solving tests can record respondents’ detailed behav-
ioral traces in real time as they explore task environments and solve problems,
storing these as process data. This paper first introduces the analytical workflow
for process data, then reviews and evaluates research on feature extraction and
ability estimation modeling for process data in the context of problem-solving
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tests. Future research should focus on: improving the interpretability of analyt-
ical results; incorporating more information during feature extraction; enabling
ability assessment in more complex problem scenarios; emphasizing the prac-
tical utility of methods; and integrating analytical approaches from different
fields.

Keywords: computer-based problem-solving test, process data, feature extrac-
tion, ability assessment model

Problem solving refers to the cognitive processing undertaken by a problem
solver to achieve a specific goal when the solution method is initially unknown
(Mayer & Wittrock, 2006). Problem-solving ability is crucial in both educa-
tional and other domains. To help students adapt to a dynamically changing
society, cultivating general cross-disciplinary problem-solving skills has gained
widespread attention both domestically and internationally (Lu Jing, 2017).
The International Society for Technology in Education (ISTE) listed “critical
thinking, problem solving, and decision making” as one of six competency di-
mensions in its 2007 revised National Educational Technology Standards for
Students (Wang Yongfeng et al., 2007). In 2014, China’s Ministry of Education
issued the “Opinions on Deepening Curriculum Reform in an All-Round Way
and Implementing the Fundamental Task of Fostering Virtue Through Educa-
tion,” which for the first time proposed developing a core competency system
for student development and emphasized conducting interdisciplinary thematic
education activities to enhance students’ problem-solving abilities.

In recent years, with increasing attention to problem-solving skill develop-
ment and rapid advances in information technology, numerous international
large-scale assessment programs have begun developing computer-based
problem-solving assessment systems. For example, the Programme for Inter-
national Student Assessment (PISA), administered by the Organisation for
Economic Co-operation and Development (OECD), launched a computer-based
simulation scenario problem-solving test in 2012 (OECD, 2013) and added a
human-computer interactive collaborative problem-solving assessment in 2015
(OECD, 2017). In 2013, the Programme for the International Assessment of
Adult Competencies (PTAAC), also under OECD, measured adults’ problem-
solving skills in technology-rich environments (PSTRE; Schleicher, 2008). The
Assessment & Teaching of 21st Century Skills (ATC21S) project, initiated by
Cisco, Intel, and Microsoft, measured students’ collaborative problem-solving
abilities through computer-based human-to-human interactions (Adams et al.,
2015). The National Assessment of Educational Progress (NAEP) Technology
and Engineering Literacy (TEL) assessments also included problem-solving
ability measurement (PumpRepair; TEL, 2013).

Compared with traditional paper-and-pencil tests, computer-based problem-
solving tests can use information technology to construct authentic task con-
texts, enable dynamic interaction between respondents and test tasks, and
record respondents’ real-time responses in simulated scenarios as process data
(process data). Process data, elicited by specific tasks and problems, reflect the
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abilities and mental processes respondents employ to solve problems and repre-
sent external manifestations of their underlying psychological activities (Yuan
Jianlin, 2018). Process data record not only response outcomes but also solution
steps, revealing more about respondents’ thinking processes than traditional out-
come data. They contain information about strategies used and errors made
during problem solving, which helps distinguish low-ability respondents, identify
different error types, diagnose causes of errors, and provide targeted suggestions
for instructional improvement. Process data can also be used to reconstruct so-
lution processes and identify guessing behavior. In summary, process data are
valuable for understanding respondents’ problem-solving behavioral patterns.

Although process data contain rich information, how to utilize and understand
these data remains a pressing issue (Mislevy, 2019). Unscored process data
often appear as timestamped log strings (Hao et al., 2015), recording events
ranging from “clickstream” mouse events to language and text produced by re-
spondents to complete tasks. Such log strings cannot be directly analyzed using
traditional psychometric models; features reflecting latent traits must first be
extracted. However, process data are voluminous and structurally complex,
making it difficult to quickly and effectively filter useful information or indica-
tors. Additionally, the temporal and multidimensional characteristics of process
data pose challenges for measurement modeling. Moreover, these behavioral
performances are real behavioral sequences from respondents’ problem-solving
processes, all bearing time stamps and exhibiting continuity and processual char-
acteristics along the temporal dimension, potentially violating the assumption
of local independence required by traditional psychometric models.

Reviewing progress in this field both domestically and internationally, re-
searchers have recently explored how to extract more information for ability
estimation from complex process data and how to establish appropriate and
accurate ability assessment models to meet the needs of problem-solving ability
evaluation. To help methodological researchers more conveniently understand
the latest developments in process data analysis for problem-solving tests and to
provide practical users with reference information on analytical workflows and
method selection, this paper first briefly introduces the analytical workflow for
process data. Second, it summarizes progress in feature extraction and ability
assessment modeling for process data, and on this basis compares different
methods’ applicable scenarios, advantages, and disadvantages. Finally, it
discusses future research directions based on current trends in process data
analysis.

2. Analytical Workflow for Process Data

The development of information technology has made it possible to construct
complex computer-interactive tests, which has stimulated demand for guiding
theories on test development and performance assessment in new technologi-
cal environments. Currently, large-scale computer-based problem-solving test
projects including PISA and ATC21S rely on Evidence-centered Design (ECD;
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Mistevy et al., 2006) theory as their overall design model. The test development
and process data collection and analysis process based on ECD can be summa-
rized into five steps shown in Figure 1 [Figure 1: see original paper], with
“designing task prototypes” and “process data analysis” differing most from tra-
ditional paper-and-pencil tests. Von Davier (2017) and Mislevy (2019) have
each proposed their own perspectives on the process data analysis workflow.

Computer-interactive tests developed based on ECD theory can collect rich
behavioral performance data from respondents during problem solving in the
form of video streams, audio streams, and simulation log files. These various
forms of recorded process data can also be collectively referred to as multi-
modal data. Processing and analyzing multimodal data can facilitate research
and understanding of individual and group-level performance (Amer et al., 2014;
Morency et al., 2010; Siddiquie et al., 2013). Von Davier (2017) summarized
an analytical framework for unstructured data in computer-interactive tests—
computational psychometrics—based on the multimodal hierarchical approach
(Khan, 2017; Khan et al., 2013). This framework combines data-driven re-
search methods from computer science (particularly machine learning and data
mining), stochastic process theory, and theory-driven psychometrics to enable
real-time measurement of latent abilities. Its basic idea is illustrated in Figure 2
[Figure 2: see original paper]|: First, projects are developed following ECD prin-
ciples, tests are administered, and multimodal data (process data) are collected
together with traditional test item data (outcome data). This test development
and data collection procedure relies on theoretical input from human expert sys-
tems and is a top-down process. Then, data mining (DM) and machine learning
(ML) algorithms are used for feature extraction and representation from multi-
modal data. If new behavioral performance features are identified, they can be
considered for inclusion in subsequent psychometric model construction (Von
Davier, 2017). Next, measurement models are updated, and the process is re-
peated with new samples. Stochastic process models can also be used if data
permit, cycling through the process until measurement models are finalized.

Mislevy (2019) argued that two basic analytical processes help explain and
model process data. The first is describing evidence in given behavioral
performances—that is, extracting useful information (evidence) from complex
and diverse process data. This resembles the hidden process in human raters’
minds when assessing respondents’ complex performances. In addition to
expert-specified extraction rules, this analytical procedure can be accomplished
with techniques such as data mining, knowledge engineering, and computa-
tional linguistics (Bejar et al., 2016). The second is measurement modeling.
In computer-based tests, we can track, accumulate, and synthesize evidence
from behavioral performance processes and construct operationalized variables
for target constructs. These behavioral performance features depend on
respondents’ latent characteristics, and their probabilistic relationships can be
modeled by measurement models.

Integrating these perspectives, analyzing process data from computer-based
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problem-solving tests involves two main steps: extracting interpretable infor-
mation about respondents’ latent abilities from process data, and using the
extracted information to estimate respondents’ abilities. In the information ex-
traction stage, there are top-down approaches that rely on experts and bottom-
up approaches that are data-driven. In the ability estimation stage, traditional
psychometric models can be employed, or stochastic process models can be se-
lected if data permit. The following sections review and summarize the latest
research progress on these two core steps of process data analysis—feature ex-
traction and ability assessment.

3. Feature Extraction Methods for Process Data

Currently, methods for extracting key features or meaningful behavioral indica-
tors from problem-solving test process data mainly include theory-driven (top-
down) and data-driven (bottom-up) approaches.

3.1 Top-Down Feature Extraction Methods

Top-down feature extraction methods refer to the process where, based on a
problem-solving conceptual framework and combined with specific tasks, ex-
perts formulate rules to identify meaningful behavioral patterns in process data
that are associated with elements of the problem-solving construct. The specific
process is shown in Figure 3 [Figure 3: see original paper]: Based on the test
conceptual framework, the expert panel must operationalize the construct con-
notation for each specific task scenario, specifying possible performance levels
in the task, and then develop detailed process indicator extraction and scoring
rules. Generally, multiple experts are organized to conduct iterative work on
behavioral indicator design, review, and revision. After determining indicator
extraction rules, they must be converted into program algorithms to enable
automated extraction of process data. To ensure the validity of behavioral
indicators and their scoring rules, expert panels need to clearly understand re-
spondents’ cognitive processes during task completion during the rule-writing
stage. After obtaining indicator scores for respondents’ process data using auto-
mated programs, domain experts should also be organized to score the extracted
indicators, and inter-rater reliability between experts and between automated
scoring results should be examined, with consistency measured using Kappa
coefficients.

This approach is currently the mainstream scoring method for large-scale inter-
national problem-solving test systems. The PISA 2012 problem-solving test,
the ATC21S collaborative problem-solving test (Adams et al., 2015), and the
NAEP-TEL test (Shu et al., 2017) all employed expert-defined process data in-
dicator extraction and scoring methods. In other studies involving process data
analysis, researchers have also developed corresponding process data coding and
scoring rules for different tasks (e.g., Harding et al., 2017; Rosen, 2017; Yuan et
al., 2019; Zoanetti, 2010; Yuan Jianlin, 2018). However, top-down approaches
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require expert panels to develop specific scoring rules for each task—that is,
they suffer from task specificity and high costs.

3.2 Bottom-Up Feature Extraction Methods
Figure 3 [Figure 3: see original paper] Top-Down Feature Extraction Workflow

To address the task specificity issue of theory-driven methods, some researchers
have attempted to use data-driven approaches to directly extract information
from response sequences recorded in process data. Such methods are still in
the preliminary exploration stage and have not formed a unified analytical
paradigm; most methods borrow existing algorithms from other fields. Based
on their processing philosophy and source domains, bottom-up process data
feature extraction methods can be divided into three categories: methods that
treat response sequences as analogous to character strings and borrow Natural
Language Processing (NLP) techniques to construct indicators from response
sequences (He et al., 2021; He & Von Davier, 2016); methods that use dimen-
sionality reduction algorithms to construct low-dimensional numerical feature
vectors for response sequences (Tang, Wang, et al., 2021; Tang et al., 2020); and
methods that use directed graphs to represent response sequences and network
indicators to characterize response features (Vista et al., 2017; Zhu et al., 2016).

3.2.1 NLP-Based Feature Extraction Methods Behavioral operation se-
quences recorded in process data can be encoded as timestamped string se-
quences (Hao et al., 2015), such as “Start, Operation 1, Operation 2, Operation
3, End.” Therefore, some researchers have proposed treating operation sequences
as analogous to words in natural language and using analytical methods from
the NLP domain to extract information. Currently employed techniques mainly
include N-Gram, edit distance, and indicators based on Longest Common Sub-
sequence (LCS).

N-Gram is a statistical language model-based algorithm that extracts character
sequences of length N from text, counts each short sequence, filters out low-
frequency sequences, and forms a vector feature space for the text, where each
short sequence represents one feature vector dimension. Applying N-Gram to
process data involves extracting operation sequences of length N from response
sequences and counting them. Some researchers have used this to identify key
operation sequences. For example, He and Von Davier (2016) used N-Gram to
characterize response sequences from PIAAC problem-solving items, weighted
them using term frequency and inverse sequence frequency (TF-ISF) to obtain
feature vectors for each operation sequence, then grouped respondents by final
outcomes and used chi-square tests to identify key operation sequences asso-
ciated with successful problem solving. Other researchers have assigned cog-
nitive meaning to extracted N-Grams for further measurement modeling. For
instance, Li Meijuan (2020) organized experts to assign cognitive meanings to
key short operation sequences identified by N-Gram to define behavioral indi-
cators in collaborative problem-solving tasks. Zhan and Qiao (2020) directly
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assigned cognitive meanings to short operation sequences (N-Grams) in process
data for diagnostic classification analysis. The method of using N-Gram to
extract short operation sequences is computationally simple and easy to imple-
ment, and can also construct behavioral indicators through expert definition.
However, N-Gram assumes that the occurrence of the Nth operation is only
related to the preceding N-1 operations and unrelated to any other operations.
Therefore, although this method considers adjacent operations, it loses most
sequential information in operation sequences. Moreover, the dimensionality
of feature vectors obtained this way equals the total number of all N-Grams,
which becomes extremely large when many actions are possible. Additionally,
N-Gram depends on how response sequences are recorded; once the encoding
method changes, the form and quantity of N-Grams are affected.

For test tasks where the optimal operation sequence is known, it is natural
to evaluate respondents’ performance based on the similarity between their re-
sponse sequences and the optimal sequence. Some researchers have borrowed
edit distance and Longest Common Subsequence (LCS) from NLP to measure
this similarity /difference. Edit distance, also known as Levenshtein distance,
refers to the minimum number of editing operations (substitutions, insertions,
or deletions) required to transform one string into another (Levenshtein, 1966).
The greater the distance between two strings, the more different they are. Zhan
et al. (2015) measured respondents’ performance in the NAEP-TEL PumpRe-
pair task (TEL, 2013) by comparing the Levenshtein distance between their oper-
ation sequences and the optimal sequence. Longest Common Subsequence refers
to the longest common part between two given strings. He et al. (2021) con-
structed indicators assessing response sequence similarity and efficiency based
on LCS between respondents’ response sequences and optimal sequences. Meth-
ods using the distance/similarity between respondents’ response sequences and
optimal sequences to construct behavioral indicators are also computationally
simple and easy to implement, with clear and understandable indicator mean-
ings. However, these indicators also depend on encoding forms, and their high
level of aggregation leads to loss of much useful information in process data,
making it difficult to distinguish different behavioral patterns.

3.2.2 Low-Dimensional Representation of Operation Sequences Using
Dimensionality Reduction Algorithms To extract all process information
from response sequences, some researchers have proposed using dimensionality
reduction algorithms such as autoencoders and multidimensional scaling (MDS)
to obtain numerical feature vectors for response sequences. The extracted nu-
merical vectors can be used to predict respondents’ performance or improve
ability estimation accuracy. Autoencoders are a class of classic artificial neu-
ral networks commonly used for dimensionality reduction, data denoising, and
computer visualization (Goodfellow et al., 2016). Tang and Wang et al. (2021)
used sequence-to-sequence autoencoder methods to compress respondents’ re-
sponse sequences into standard numerical vectors containing complex informa-
tion about the original data, which can be analogized to latent abilities in Item
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Response Theory (IRT) models, while decoders can be analogized to item re-
sponse functions. Multidimensional scaling is another data analysis method
that projects research objects from multidimensional space into an intuitive
low-dimensional vector space based on pairwise distances between objects, sim-
plifying samples or variables for positioning, analysis, and classification while
preserving original relationships between objects (Luo Wenshu & Zhao Shouy-
ing, 2005). Tang et al. (2020) constructed a function to compute dissimilarity
between two operation sequences, then used MDS to analyze pairwise distances
between operation sequences, obtaining low-dimensional vectors for each opera-
tion sequence. Both Tang and Wang et al. (2021) and Tang et al. (2020) found
that low-dimensional vectors obtained through dimensionality reduction algo-
rithms predicted respondents’ performance on other items and cognitive tests
more accurately than using outcome variables alone.

This method of using dimensionality reduction algorithms to obtain low-
dimensional numerical vectors for operation sequences does not depend on prior
knowledge or process data encoding. The obtained low-dimensional vectors
contain process information and can be further used for clustering response
patterns, visualization, and predicting respondents’ future performance, thus
serving as a general feature extraction method. However, this approach’s main
problem is interpretability—the low-dimensional representation vectors lack
clear psychological meaning.

3.2.3 Methods Using Network Indicators to Describe Response Pro-
cess Characteristics Social Network Analysis (SNA) can examine relation-
ship structures and network characteristics through systematic analysis of re-
lational data (Xu Wei et al., 2011). Response sequences recorded in process
data are not independent activity sets; they contain information about the or-
der of activities respondents use when solving problems. Directed graphs can
visually display changes in responses, and SNA indicators can then describe
characteristics of response processes. Directed graphs can represent both in-
dividual operation sequences and group response processes. For example, Zhu
et al. (2016) constructed weighted directed graphs representing interdependence
between operations based on each respondent’s response sequences in the NAEP-
TEL PumpRepair task (Wasserman & Faust, 1994). Vista et al. (2017) used task
states and respondent dialogue events as network nodes and chronological order
between events as connections to construct group-level network graphs for high-
and low-ability groups in the ATC21S Olive Oil task. Network characteristic
indicators that can describe response processes include density, centralization,
local pattern features such as reciprocity and triad census (Davis & Leinhardt,
1972; Wasserman & Faust, 1994), prominence, branches, clusters, and shortest
paths (Vista et al., 2016). Response process network indicators differ across
respondents/respondent groups with different performance/ability levels (Zhu
et al., 2016; Vista et al., 2017) and have some predictive power for respondent
performance.
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This approach treats response sequences as holistic processes rather than focus-
ing on individual events. Using network graphs to represent response sequences
can visually present response patterns, and SNA indicators can then describe re-
sponse process characteristics. The main challenges facing this method include
data complexity, requiring extensive data cleaning and preprocessing. Addition-
ally, when using SNA indicators to describe characteristics of directed graphs
of response processes, only structural network features can be obtained, losing
response sequence information and being unable to capture node content infor-
mation or specific response type information, making it difficult to further infer
respondents’ performance levels.

3.3 Summary of Feature Extraction Methods

In summary, behavioral indicators defined using top-down approaches have close
correspondence with conceptual frameworks, possess interpretability and clear
scores, and can be directly analyzed using psychometric models like traditional
test items to obtain latent ability estimates. However, such indicator construc-
tion methods require enormous workload. Particularly, in complex tasks, ex-
perts may overlook or ignore unknown student thinking processes that have not
been previously noticed, resulting in information omission and loss.

Data-driven bottom-up feature extraction methods partially solve the task speci-
ficity problem of expert-developed scoring rules. Extracted features can be used
to explore behavioral pattern characteristics of different respondent groups, pre-
dict respondents’ future performance, and can be used for ability estimation
after expert definition, offering value for test and task development and scoring
rule improvement. However, such methods may not retain all information in
process data, and the relationship between obtained indicators and measured
psychological traits is not clear. This paper categorizes bottom-up process data
feature extraction methods for problem solving into three major classes based
on source domain and processing philosophy. The above introduction reveals
that these three classes each have limitations in information utilization. For
example, NLP-based indicator construction methods depend on original encod-
ing and are mostly too general with large information loss. Edit distance and
LCS-based methods only apply to tasks with optimal solutions, and N-Gram
methods only apply to tasks with few executable operations. Dimensionality
reduction algorithms preserve entire response sequence information and can be
used for predictive analysis, with some studies proposing ability estimation mod-
els using such process information (Zhang et al., 2020), but extracted features
lack interpretability. Finally, network indicator methods can visualize response
processes and explore response pattern characteristics across groups but strug-
gle to capture specific operation information, and extracted features cannot be
directly used for respondent ability estimation. Therefore, data-driven feature
extraction methods may also face information omission problems and have in-
terpretability issues. Very few studies use such features for ability estimation,
so purely data-driven feature extraction methods have not been directly applied
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to large-scale standardized test ability assessment. Characteristics of various
feature extraction methods are summarized in Table 1 .

Table 1 Summary of Feature Extraction Methods for Process Data in
Computer-Based Problem-Solving Tests

Applicable Task Information
Method Types Utilization Advantages Disadvantages
Top-
Down
Expert- All task types Construct indicator  Strong High
defined extraction and theoreti- workload,
scor- scoring rules for cal basis, task
ing/indicator ability estimation high inter- specificity,
con- pretabil- may omit
struc- ity, information
tion suitable
rules for tradi-
tional
measure-
ment
model
analysis
Bottom-
Up
N- Tasks with few Identify key Simple Loses
Gram  executable operation computa-  sequential
operations sequences; tion, can information;
construct construct  high dimen-
behavioral behav- sionality;
indicators; obtain ioral depends on
response sequence indicators  encoding
feature vectors through
expert
definition
Edit Tasks with Construct an Simple Depends on
dis- optimal solution indicator reflecting  computa-  encoding;
tance  paths performance level tion, clear  high
indicator information
meaning loss; only for
tasks with
optimal
paths
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Information
Utilization

Applicable Task

Method Types Advantages Disadvantages

LCS-  Tasks with Construct an Simple Depends on

based  optimal solution indicator reflecting  computa-  encoding;

indi- paths performance level tion, clear  high

cators indicator information

meaning loss; only for

tasks with
optimal
paths

DimensioAdllitysk types

Represent response

Comprehensilacks inter-

reduc- sequences with informa- pretability
tion numerical feature tion
vectors to extract extraction
all information
from response
sequences
Network All task types Visualize response Intuitive Complex
analy- processes; extract process preprocess-
sis response process visualiza-  ing; loses
(SNA) network features tion; can  sequence
identify and node
key content
operation  information;
sequences  cannot
directly
estimate
ability

4. Ability Assessment Models for Process Data

After extracting behavioral indicators/features from process data, probabilistic
relationship models between these indicators and latent abilities must be con-
structed to enable ability estimation. Based on whether models utilize sequen-
tial relationships between indicators and whether they can obtain continuous,
interpretable latent ability estimates, current methods for estimating latent abil-
ities using process information can be divided into three categories: traditional
psychometric models and their extensions, stochastic process models, and mea-
surement models combining stochastic process ideas.

4.1 Traditional Psychometric Models and Their Extensions

Behavioral indicators obtained through expert definition directly correspond to
construct elements in the test conceptual framework and can be analogized to
items in traditional tests for fitting measurement models. For multidimensional
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test structures, multidimensional IRT models and diagnostic classification mod-
els can be used to simultaneously estimate abilities across multiple dimensions
or diagnose mastery of multiple skills (e.g., Hesse et al., 2015; Siddiq et al., 2017;
Yuan et al., 2019; Zhan & Qiao, 2020). If tests are administered in group for-
mats, multilevel models can also be fitted (Wilson et al., 2017). In addition to
directly applying existing psychometric models, some researchers have extended
traditional measurement models or their estimation steps based on process data
characteristics (Li Meijuan et al., 2020; Liu et al., 2018; Zhang et al., 2020).

4.1.1 Multidimensional TRT Models When behavioral indicators ex-
tracted from process data correspond to multiple elements/sub-dimensions
in the problem-solving operational conceptual framework (Hesse et al., 2015;
OECD, 2013; Rosen, 2017), multidimensional IRT models can be used to
estimate respondents’ performance levels across multiple sub-dimensions. For
example, some studies used the Multidimensional Random Coeflicients Multi-
nomial Logit Model (MRCMLM; Adams et al., 1997) to analyze behavioral
indicators from ATC21S collaborative problem-solving tests, obtaining ability
estimates for respondent groups across multiple dimensions and finding that
multidimensional IRT models fit better than unidimensional IRT models esti-
mating dimensions separately (Hesse et al., 2015; Siddiq et al., 2017). Indicator
multidimensionality can correspond not only to multiple sub-dimensions of tar-
get abilities but also to different members within collaborative problem-solving
groups. Yuan et al. (2019), when analyzing a collaborative problem-solving
test using a “human-to-human interaction” mode with two-person groups as
test units, distinguished behavioral indicators by implementer into individual
and group-shared indicators and analyzed them using within-item multidimen-
sional MRCML models, enabling estimation of individual performance and
within-group influence strength.

4.1.2 Multilevel (Multidimensional) IRT Models Problem-solving test
process data have nested structures, with process indicators nested within re-
spondents and, in some collaborative problem-solving tests, respondents nested
within groups, making them suitable for multilevel analysis. Wilson et al. (2017)
added a group level to the two-level Rasch model (Kamata & Cheong, 2007;
Raudenbush et al., 2003), constructing a three-level Rasch model with process
indicators at level 1, respondents at level 2, and collaborative groups at level
3. They analyzed ATC21S collaborative problem-solving test data under the
“Learning in Digital Networks-ICT” theme using unidimensional and multidi-
mensional Rasch models and multilevel unidimensional and multidimensional
Rasch models.

4.1.3 Diagnostic Classification Models Diagnostic Classification Models
(DCMs) are a class of restricted or confirmatory latent class psychometric models
that model relationships between several fine-grained discrete latent attributes
and observed item responses (von Davier & Lee, 2019). Zhan and Qiao (2020)
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proposed a method integrating diagnostic classification into process data anal-
ysis: treating adjacent short operation sequences (N-Grams) in response se-
quences as process items and converting them to 0-1 coding based on occur-
rence; then using problem-solving skills required to generate these operation
sequences as latent attributes to construct Q-matrices for process items; and
finally analyzing them using higher-order DCMs. Using higher-order DCMs to
analyze process data can assess respondents’ continuous latent problem-solving
abilities while classifying them based on problem-solving strategies. However,
using N-Grams to construct dichotomously coded process indicators loses overall
sequential order information and N-Gram frequency information from response
sequences. Moreover, in more complex tasks, the number of process items con-
structed from N-Grams is enormous, making Q-matrix specification very costly.

These studies represent new applications of existing psychometric models to pro-
cess indicator analysis without proposing model improvements themselves, and
all require experts to clearly define relationships between behavioral indicators
and measurement constructs.

4.1.4 Modified Multilevel Mixture IRT Model To explore different
strategies respondents adopt during response processes while accounting for the
nested nature of process data, Liu et al. (2018) extended the Multilevel Mixture
Item Response Theory (MMixIRT; Cho & Cohen, 2010) model and proposed a
modified MMixIRT (mMMixIRT) model suitable for processing process data.
This method first enumerates all operations in a task and pre-determines the
correctness of each operation. At the process level, cumulative information
(scores) of all operations are treated as process data for specific steps. At
the individual level, mMMixIRT can customize design matrix A to determine
what information is used for individual-level ability estimation, making it more
flexible than the MMixIRT model. mMMixIRT can not only analyze response
strategy category characteristics at the process level but also simultaneously
estimate ability values at both process and individual levels. To avoid the
problem that the assumption of normally distributed abilities within each latent
class in mMMIixIRT may be difficult to satisfy, Li Meijuan et al. (2020) further
modified the mMMixIRT model by only distinguishing strategy categories at
the process level without estimating process abilities. This exhaustive scoring
approach enables mMMixIRT to utilize respondents’ response data at each
solution step, but this special coding method also has task specificity issues.
Moreover, mMMixIRT’s estimation of respondent-level ability is based only on
responses at the final step, thus not incorporating sequential information from
the process.

4.1.5 Two-Step Conditional Expectation Method To incorporate pro-
cess information when estimating latent traits to improve estimation accuracy,
Zhang et al. (2020) proposed a two-step conditional expectation method. The
implementation steps are shown in Figure 4 [Figure 4: see original paper]. First,
the item set is split into subsets. Let represent respondent i’s response process
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vector, outcome vector, and latent ability estimate (based on IRT model) from
outcome vector for item subset , respectively. Process vectors can be extracted
using methods such as autoencoders and MDS described previously. The con-
struction process for a new ability estimate that integrates both outcome re-
sponses and response processes on item subset is as follows:

Step 1: Regress on to obtain .
Step 2: Regress on to obtain .

Similarly, can be obtained. Zhang et al. (2020) used MDS (Tang, Wang, et
al., 2021) as the process feature extraction method and applied the two-step
conditional expectation method to data from 14 PSTRE items in PTAAC 2012.
Results showed that compared to estimates based solely on outcome responses,
process-based latent trait estimates had higher consistency with performance
on similar tasks, and fewer items were needed to achieve the same reliability
level. However, this method directly uses dimensionality reduction algorithms
to extract process vectors, thus sharing the interpretability issues of information
utilization.

4.2 Stochastic Process Models

In problem-solving tests or similar platforms, respondents’ task-solving steps
can be viewed as continuous response processes along discrete time points,
where response sequences are interdependent (Bellman, 1957; Puterman, 1994).
Therefore, probabilistic models describing stochastic processes can be used to
fit sequentially dependent process indicators and obtain latent state levels at
each time point—possibly corresponding to respondents’ time-varying knowl-
edge mastery states or ability performance levels. Commonly used stochastic
process analysis methods include Hidden Markov Models (HMM) and Dynamic
Bayesian Networks (DBN).

4.2.1 Hidden Markov Model HMM is a probabilistic model for sequential
data that describes a process where a hidden Markov chain randomly generates
an unobservable state sequence, and each state then generates an observation
to produce an observable sequence (Li Hang, 2011). HMM has been used to
analyze process data from adaptive peer tutoring systems and adaptive tests
(Arieli-Attali et al., 2019; Bergner et al., 2017). HMM can also fit observation
sequences from respondents in problem-solving tests or similar systems and ob-
tain latent state levels at various time points. Xiao et al. (2021) used HMM to
analyze action sequences from two problem-solving items in PIAAC 2012, identi-
fying latent states and state transitions. Results showed that across both items,
respondents who answered correctly were more task-focused and more frequently
used effective tools to solve problems, while those who answered incorrectly were
more likely to use shorter action sequences and exhibit hesitant behaviors. This
demonstrates that data-driven HMM methods can help researchers better un-
derstand behavioral patterns and cognitive transitions underlying respondents’
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action sequences in complex problem-solving tasks.

4.2.2 Dynamic Bayesian Network Dynamic Bayesian Network (DBN) is
an extension of original Bayesian networks for modeling state transitions con-
taining temporal information and can be used to model respondents’ stochastic
response processes (Késer et al., 2017; Reichenberg, 2018; Reye, 2004; Rowe
& Lester, 2010). Figure 5 [Figure 5: see original paper| shows a simple DBN
path diagram with three time points. DBN has two basic components: one
part consists of circles and rectangles corresponding to latent abilities and ob-
served variables; the other part consists of paths (arrows) representing variable
dependencies that change over time (Levy & Mislevy, 2016). As can be seen,
HMM is a special case of DBN, with DBN adding paths from to latent ability
at time . DBN has been applied to assessment and learning analytics: Reye
(2004) demonstrated how to use the DBN framework to analyze longitudinal
data, paving the way for its application in analyzing respondent learning or
ability changes in intelligent tutoring systems (Reye, 2004; VanLehn, 2008) and
game-based assessments (Iseli et al., 2019).

Levy (2019) combined DBN;, cognitive diagnostic modeling, and process data
analysis methods to analyze data from Save Patch, an educational game for
rational number addition (Chung et al., 2010). The Save Patch game includes
23 progressively difficult levels, each with several types of observable responses,
with each response type specified to correspond to several latent skills. Levy
(2019) used DBN to analyze observation sequences and obtained results on each
respondent’s mastery level of each latent skill or degree of misconception holding
throughout the entire game process for each attempt.

DBN can utilize information from different response sequence patterns and
maintain the sequential structure of response sequences. It uses latent states
to model different latent traits and skills, thereby enabling cognitive diagno-
sis. Both HMM and DBN yield discrete knowledge mastery states or ability
states that change over the process. However, unlike intelligent tutoring tests,
in psychological testing researchers generally want to obtain stable, continuous
ability estimates. These conditions limit the application of DBN for assessing
respondents’ latent abilities using response process data in modern assessment
contexts.

4.3 Measurement Models Combining Stochastic Process Ideas

Respondents’ response processes in problem-solving tests are partially under
their control—that is, respondents decide what steps to take in particular states.
Therefore, conditional on latent ability, each respondent’s response process
can be viewed as a discrete-time stochastic process with conditional first-order
Markov properties (Shu et al., 2017). To retain sequential relationships be-
tween process indicators in modeling while obtaining continuous latent ability
estimates, researchers have proposed measurement models combining stochastic
process ideas.
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4.3.1 Markov IRT Model Shu et al. (2017) proposed a Markov-IRT model
that conditions on latent ability and uses operation transitions (i.e., two adjacent
operations in response sequences) as observed variables. To retain frequency in-
formation about operation transitions, they proposed both polytomously scored
and dichotomously scored operation transitions. Under the dichotomous scoring
framework, letting represent operation transition, scored 1 when correct and 0
when incorrect, the probability that respondent selects operation transition can
be expressed as:

P(a,.. = 1|6,) = exp(f; + aj;0:)
v 1 +exp(ﬂjj +Oéjj9i)

where represents the tendency to select operation transition, and links the transi-
tion to latent trait . As can be seen, this formula has the form of a two-parameter
IRT (2PL-IRT) model. To include low-frequency operation transitions while
ensuring estimation accuracy, Shu et al. (2017) also proposed a higher-order
Markov-IRT model that groups operation transitions to reduce the impact of
data sparsity caused by extremely low frequencies of some transitions. When
using the Markov-IRT model for analysis, all possible operation transitions are
used to construct indicators, and the repetition count of each operation transi-
tion is considered in scoring, fully utilizing information carried by the operation
and transition space. However, this method’s analysis object is the scored op-
eration transition frequency matrix, which does not retain the sequential order
of operation transitions. Moreover, directly using operation transitions to rep-
resent response processes has limitations—for example, in some tasks, the same
operation transition in different problem states may lead to completely opposite
results.

4.3.2 Continuous-Time Dynamic Choice Model To simultaneously con-
sider event history and occurrence time in analysis, Chen (2020) treated respon-
dents’ response processes as marked point processes and proposed a paramet-
ric method for marked point processes—the continuous-time dynamic choice
(CTDC) model. In the CTDC model, the choice of event type at the next
moment is modeled using conditional density functions that depend on respon-
dents’ latent problem-solving ability and task difficulty , with a multinomial
logit form:

eXP(ﬂj + Q‘Gj(‘?jk))
ZieSj(? ) eXp(ﬁj + G‘Gi(‘?jk))

fj(ﬂtw?jtvoaﬂj) =

where represents the set of immediately possible event types at time , and is an
effectiveness measure for event type and task characteristics , with 1 for effective
and 0 for ineffective. The timestamp of the next operation is modeled using a
ground intensity function that depends on respondents’ behavioral speed trait
and has an exponential form:
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AT je5t,75) = exp(y; +7)

The two latent traits—problem-solving ability and behavioral speed —follow a
bivariate normal distribution. The CTDC model can estimate each respondent’s
problem-solving ability and operation speed based on process data from one or
multiple tasks through specification of event history information. However,
although this model incorporates time information, it actually models latent
ability and response speed separately, only assuming they follow a multivariate
normal distribution. Moreover, this method’s analysis of task characteristics
and response processes is not deep enough—each task has only one difficulty
parameter and cannot distinguish unique attributes of each event type in the
response process.

4.3.3 Markov Decision Process Measurement Model Markov Decision
Process (MDP) is an uncertainty decision model based on longitudinal cost-
benefit analysis (Puterman, 1994) that includes four elements: goals, motiva-
tion, task understanding (beliefs), and problem-solving ability. LaMar (2018)
explored methods for using MDP as a measurement model to infer individ-
ual characteristics from actions and problem states recorded in process data in
complex decision-making problem tasks, proposing the Markov Decision Pro-
cess Measurement Model (MDP-MM). For a task with state set , MDP-MM
describes the conditional probability of taking action in state (LaMar, 2018):

eXp(ﬂjQ(S, G‘Bj))
S e(5,Q0, 1))

plals, B;) =

where is analogous to latent ability in IRT and follows a log-normal distribution.
is a recursive function representing the value of an action, containing both imme-
diate rewards (scores) for the current action and expected scores for subsequent
steps. Simulation studies show that MDP-MM can clearly separate datasets
generated under “high ability-low motivation” conditions from those generated
under “low ability-high motivation” conditions. LaMar (2018) also used MDP-
MM to analyze actual data from a microbial game, finding that ability estimates
had significant positive correlations with post-test scores. However, MDP-MM
has many restrictions. When used, reasonable reward parameterizations must
be defined for various operations and/or outcomes based on specific tasks. If
reward parameters are freely estimated, reward values may have opposite direc-
tions from the construct, making unable to represent respondent ability.

4.3.4 Sequential Response Model To fully utilize problem-solving test pro-
cess data for estimating respondents’ latent ability levels, Han et al. (2021)
proposed using problem state sequences to represent complete response process
information for well-structured problem scenarios and developed a Sequential
Response Model (SRM) that can analyze entire problem state sequences. SRM
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assumes that respondents’ choice of next state is related to their latent ability
and current state . The model has a multinomial logit form:

eXp()‘wj,a;j + ij,mj . 91)

thej\/jmj exp()‘mj,mh + Ia:j,mh ’ 92)

9.

79

P(Si 1 =8, ==

7

A R) =

7

where is the state transition parameter representing the tendency to transition
from state to state ; is an indicator function that equals 1 when the state tran-
sition is correct and -1 otherwise; represents the set of all possible states at
the next moment when the current state is ; and are task-specific preset rules.
Han et al. (2021) validated the feasibility and reasonableness of SRM for esti-
mating respondent latent abilities and item state transition parameters using
process data from the PISA 2012 problem-solving test “Ticket” task. SRM
can effectively analyze complete response sequences, yielding item characteris-
tic parameters (state transition parameters) that provide useful information for
understanding task features and respondent ability estimates with interpretabil-
ity that helps understand ability levels of different response patterns. However,
reasonable application of SRM requires well-defined state sequences; definition
methods for problem states and state transitions in ill-structured problems still
need further exploration.

4.3.5 Summary of Measurement Models Combining Stochastic Pro-
cess Ideas Except for MDP-MM, such models mainly apply to simple test
scenarios with limited operation sets, requiring exhaustive enumeration of all
behaviors in tasks and prior judgment of each behavior’s correctness (or effec-
tiveness) by experts, while MDP-MM requires prior definition of reward pa-
rameters before recursively calculating action values. Operation transitions in
Markov-IRT, event types in CTDC, actions in MDP-MM, and state transitions
in SRM are all different representations of behaviors. Judgments of behavioral
correctness (or effectiveness) are reflected in scoring for Markov-IRT and repre-
sented by coefficients in multinomial logit models for the other three models: in
CTDC and in SRM. Their differences lie in: Markov-IRT only preserves order
between adjacent operations, while the other three models use state representa-
tion that contains (partial) historical behavior information; only CTDC utilizes
response time among these models, but CTDC can only obtain overall task diffi-
culty parameters, while Markov-IRT and SRM can obtain tendency parameters
for each behavior.

4.4 Overall Evaluation of Current Process Data Ability Assessment
Models

In summary, to estimate latent ability levels from observed indicators using abil-
ity assessment models, reasonable construction of the correspondence between
indicators and latent abilities is essential. As described in Section 3, this pro-
cess currently still requires expert experience (either before or after analysis).
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The interpretability of different assessment models depends on the strength of
assumptions between their utilized indicators and latent structures. Psychome-
tric models focus primarily on latent ability estimation. In addition to direct
applications of traditional measurement models, some researchers have proposed
improvements to existing models or estimation steps. Process indicators used
in such models generally have relatively strong correspondence with latent abil-
ities, yielding highly interpretable results (except for the two-step conditional
expectation method). However, they are limited by local independence assump-
tions and do not contain sequential information between indicators in analysis.
Stochastic process models focus on modeling response processes, preserving re-
sponse path information, but have weaker assumptions between indicators and
latent structures. Sometimes they first use data-driven models to obtain latent
state levels before theoretical interpretation, and they do not focus on stable,
continuous latent ability estimates. In educational and psychological testing,
the primary purpose is to obtain valid estimates of respondents’ latent traits.
From this perspective, stochastic process models struggle to meet the need for
valid estimation of stable, continuous ability traits in educational and psycho-
logical testing. Finally, measurement models combining stochastic process ideas
have advantages of both: their analysis objects are action sequences in tasks,
they can preserve action sequential order, and they have experts specify indica-
tor coefficients or scoring methods aligned with ability direction, giving them
some interpretability. Thus they can utilize relatively complete response pro-
cess information to obtain continuous latent ability estimates. However, such
models require exhaustive enumeration of all actions in tasks and are mostly
suitable for simple tasks with limited operation sets. Therefore, there remains
room for further research on how to fully utilize response process information to
more accurately assess respondents’ latent abilities while maintaining scientific
rigor and interpretability of results. Applicable scenarios, advantages, disad-
vantages, and actual datasets and analytical software tools used in research for
each model are summarized in Table 2 .

Table 2 Summary of Ability Assessment Models for Process Data in Computer-
Based Problem-Solving Tests
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5. Issues and Prospects

To obtain valid ability estimates from computer-based problem-solving tests,
scientifically and reasonably analyzing process data is essential. Process data
analysis generally involves two parts: feature extraction and ability assessment
model construction. This paper introduces the latest methodological research
on these two aspects and summarizes the applicable scenarios, advantages, and
disadvantages of each method. This can serve as a reference for methodological
researchers to quickly grasp new developments in process data analysis meth-
ods for problem-solving tests, promote methodological innovation, and provide
practical users with guidance on selecting appropriate methods for data analy-
sis, offering direction for future research. Current research on how to extract
process data features and use process data to assess respondents’ latent abilities
is still in its initial stages. Based on the above summary, several aspects can be
improved.

5.1 Interpretability Issues in Process Data Analysis

Ensuring psychological-level interpretability at all stages of process data anal-
ysis is a noteworthy topic important for ensuring test result fairness, validity,
and objectivity. When extracting features from process data, bottom-up ap-
proaches can directly obtain digital representations of response sequences or key
features, but the association mechanisms between these indicators and target
psychological variables are relatively difficult to explain and understand. When
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modeling process indicators, estimated latent ability levels should match the
measured latent construct levels. Researchers analyzing process data should fol-
low ECD theory’s “evidence-based reasoning” concept, combine psychological
theory when extracting evidence, focus on the psychological meaning of evi-
dence indicators, and try to use highly interpretable algorithms for modeling.
Moreover, to deeply explore the cognitive processing of problem solving using
process data, test developers, domain experts, and psychometric experts still
need to jointly participate in decision-making. For distinguishing and interpret-
ing error strategies, bottom-up approaches can first extract features containing
error information, followed by cluster analysis. Different feature combinations
may reflect different strategy types, but clustering results still require expert
interpretation.

5.2 Feature Extraction Should Incorporate More Information

While ensuring interpretability of extracted features, as much valuable informa-
tion as possible should be extracted from process data. Current utilization of
process data is mostly based on behavioral performance information, with only a
few studies using time or language information recorded in process data (Chen,
2020; Yuan Jianlin, 2019). Future research should consider how to incorpo-
rate these multimodal information sources beyond behavioral performance into
measurement models for more accurate ability estimation. Additionally, for ap-
plication in large-scale standardized tests, regardless of information extraction
method, automatic extraction and scoring of indicators should be achievable.
Automatic indicator extraction and reasonable scoring for multimodal data also
present certain challenges.

5.3 Enabling Ability Assessment in More Complex Problem Scenarios

Current stochastic process models and measurement models combining stochas-
tic process ideas all assume that, conditional on respondents’ latent abilities,
response processes have (conditional) first-order Markov properties. This holds
in simple test scenarios but may be violated in complex, highly interactive dy-
namic problem scenarios. As shown in the “Empirical Datasets” column of Ta-
ble 2, currently available empirical datasets for researchers are not rich, mostly
concentrated in three large-scale test projects: PISA, PIAAC, and ATC218S. No-
tably, the PISA problem-solving test “Ticket” item is frequently used, mainly
because this item type has a simple structure. This also reflects current models’
limitations in analyzing complex tasks. Therefore, while proposing demands
for developing more complex tests, methodological researchers should also pro-
vide corresponding data analysis and processing methods. Additionally, covari-
ates may affect respondent performance in process-based tests. For example,
research shows that factors such as problem-solving persistence and openness
significantly affect students’ performance on problem-solving tests in digital en-
vironments (Yuan Jianlin et al., 2016). Future research could also consider con-
structing assessment models for process data that include covariates to further
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improve ability estimation accuracy.

5.4 Moving from Theoretical Research to Practical Application

Theoretical research on process data analysis methods needs practical testing
of its actual effectiveness. On one hand, regardless of how complex the mea-
surement models or data mining techniques used in analytical methods are,
they should ultimately serve practical purposes. As shown in the last column
of Table 2, most existing assessment models have corresponding parameter es-
timation software or packages, but for new models developed specifically for
process data, custom programs may be needed for parameter estimation, cre-
ating high barriers to model application. Therefore, developers of new models
should be encouraged to publicly release parameter estimation code or develop
user-friendly software packages to facilitate model use and dissemination. On
the other hand, to facilitate practical users, test developers could also consider
developing user-friendly problem-solving test systems based on existing analyt-
ical methods that can realize automatic scoring of process data and immediate
generation of ability assessment results and knowledge/skill diagnostic reports.

5.5 Integration and Cross-Fertilization of Analytical Methods Across
Fields

This paper focuses on reviewing feature extraction and ability assessment re-
search for problem-solving tests. Currently, feature extraction methods and
ability assessment models are not perfectly matched. Most features extracted
through data-driven approaches cannot be applied to ability assessment models
because they have not established correspondence with latent abilities. However,
the main purpose of psychological testing is to accurately measure respondents’
latent abilities. Researchers should develop more feature extraction methods
that can be applied to ability assessment models. In addition to problem-solving
ability, measurement of many other higher-order abilities has also been comput-
erized, such as critical thinking (Liu et al., 2016; Song & Sparks, 2019), creative
thinking, and disciplinary literacy. Adaptive learning and tutoring systems
also often include ability assessment. Process data analysis for problem-solving
tests is one of the most studied test types. Because problem-solving tests fo-
cus more on ability evaluation, research on measurement model construction is
also relatively rich, while other test types have more limited research on ability
assessment model innovation. On one hand, the analytical B for problem-
solving test process data is referential for other test types—for example, the
general process of defining indicators through expert systems is similar. On the
other hand, each test type has its particularities. For instance, problem-solving
tests or disciplinary literacy tests focus more on accurate ability estimation,
while some tests focus more on response processes (e.g., critical thinking tests
focus more on argumentation processes). Therefore, when borrowing analytical
methods across fields, specific circumstances should be considered.
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