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Abstract

This article addresses the ergodicity problem in Second Language Learning and Teaching (SLLT),
emphasizing the need for methodological advancements that account for the dynamic, non-
linear nature of language development. Traditional research methods in SLLT, often based on
aggregated group data, assume ergodicity—a concept that equates group-level averages with
individual-level processes, a premise that fails to capture the complexity of individual learners’
trajectories. The article advocates for a shift toward intensive longitudinal data (ILD) collection
and Dynamic Structural Equation Modeling (DSEM) to model the inherent non-ergodic nature
of language acquisition. These methods facilitate a bottom-up generalization approach, where
individual trajectories are examined for recurring dynamic patterns before testing these patterns
across multiple cases to uncover shared mechanisms. By focusing on intra-individual dynamics,
ILD and DSEM provide a nuanced understanding of language learning processes, revealing
how emotional and cognitive factors fluctuate within individuals over time. This bottom-up
approach contrasts with traditional top-down methodologies and offers a more accurate and
personalized representation of language learning, enabling both the identification of common
trends across individuals and the retention of individual variability. Despite challenges like
sample size requirements and data complexity, the integration of ILD and DSEM is positioned as a
transformative methodology for SLLT research, offering practical insights for future research.
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1 Introduction

Second language learning and teaching (SLLT) has long been conceptualized as a multifaceted and
dynamic process, underpinned by cognitive, emotional, social, and contextual factors (Liao et al., 2025;
Teng & Yip, 2025; Wen & Fang, 2026). However, traditional research methodologies in SLLT have
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primarily relied on cross-sectional or even longitudinal designs that aggregate data across groups to
produce generalizable findings (Larsen-Freeman & Cameron, 2008). These conventional approaches
assume ergodicity, a statistical principle which postulates that ensemble averages (group-level statistics)
can be equated with time averages (individual-level processes), contingent on the conditions of
homogeneity and stationarity (Gates et al., 2023; Molenaar, 2004). To illustrate, consider a study that
measures the average foreign language anxiety (FLA) of 100 learners at a single point in time and
concludes that learners generally experience moderate anxiety. If ergodicity holds, this group average
should accurately represent how any given individual’s anxiety fluctuates over time. In reality, however,
one learner may experience consistently low anxiety that spikes sharply during oral tasks, another may
show a steady decline in anxiety across a semester, and a third may oscillate unpredictably depending on
classroom conditions. None of these individual trajectories is adequately captured by the group mean,
illustrating why the ergodic assumption is problematic in SLLT contexts.

While this assumption serves as a foundation for many studies, it fails to account for the inherent
non-linearity and intra-individual variability present in the language acquisition process. In SLLT, where
development is shaped by idiosyncratic learning trajectories and the dynamic interactions between
internal and external factors, ergodicity proves to be a limiting assumption. When ergodicity is assumed
without verification, group-level findings may not accurately reflect individual trajectories, leading
to what Molenaar (2004) terms the “ergodic fallacy.” This misapplication can result in misguided
interpretations and a failure to address intra-individual variability of learners and educators.

The ergodicity issue has gained significant attention in SLLT, particularly through the lens of
Complex Dynamic Systems Theory (CDST), a metatheory that reconceptualizes language development
as an emergent, person-specific and self-organizing process arising from the interactions of
interconnected subsystems (Larsen-Freeman, 1997; de Bot et al., 2007). CDST has been instrumental
in highlighting the complexity of second language development, emphasizing the need for repeated
measurements and the modeling of intra-individual variability over time (van Dijk et al., 2025; Lowie
et al., 2017). This approach allows for a more accurate depiction of the individual learning process,
revealing how small changes can lead to significant outcomes and how language learning trajectories
vary widely across individuals (Elahi Shirvan et al., 2020; Maclntyre & McGillivray, 2023; Verspoor
& de Bot, 2021). Central to CDST is the idea that variability is not an anomaly but a driver of change,
with fluctuations in individual learning trajectories representing the system’s inherent potential for
adaptation and evolution (Lowie & Verspoor, 2019). By shifting away from the assumption of ergodicity,
researchers can better understand the dynamic processes of language acquisition and teaching, which are
inherently non-linear and influenced by individual learner trajectories.

However, critics, such as Pallotti (2022), have argued that CDST’s focus on descriptive case studies
limits its ability to produce generalizable knowledge, a cornerstone of scientific inquiry. Nevertheless,
proponents counter that CDST redefines generalization as a bottom-up process, starting with intensive
examinations of individual trajectories to identify recurring dynamic patterns, which are then tested
across multiple cases to uncover shared mechanisms (van Dijk et al., 2025). This approach contrasts
sharply with traditional top-down methods, which derive hypotheses from general theories and assume
uniform application across populations (Larsen-Freeman & Cameron, 2008).

This article critically addresses the ergodicity issue in SLLT and advocates for a shift toward the use
of intensive longitudinal data (ILD) collection and analysis to overcome the limitations of traditional
research approaches. ILD involves collecting frequent, time-dense measurements from individual
participants over extended periods, which allows for modeling intra-individual variability and temporal
dependencies in real-time (Hamaker et al., 2023). Data collection methods such as the Experience
Sampling Method (ESM) and idiographic approaches, coupled with Dynamic Structural Equation
Modeling (DSEM) as a data analysis technique, are highlighted as effective tools for capturing the non-
ergodic nature of language learning processes while enabling bottom-up generalization (MacIntyre &
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Legatto, 2011; Hamaker et al., 2018). These methodologies provide insights into individualized patterns
of language development, emotional states (e.g., anxiety, enjoyment), and teaching efficacy, offering both
ecologically valid and practically applicable findings (Elahi Shirvan & Taherian, 2025).

The article is structured to provide a comprehensive exploration of the ergodicity issue and its
resolution through CDST-aligned methodologies. Following this introduction, the literature review
synthesizes the foundations of CDST and the ergodicity problem in SLLT, incorporating recent empirical
work. Subsequent sections detail the rationale and features of ILD, data collection methods (ESM and
idiodynamic approaches), and the application of DSEM for analysis. Empirical examples illustrate
the practical implementation of these methods, followed by discussions of affordances, challenges,
implications, and future directions for SLLT research. The article concludes with a call for embracing
non-ergodic perspectives to advance evidence-based, equitable practices in language education.

2 Literature Review

2.1 Complex Dynamic Systems Theory in SLLT

CDST emerged in the field of SLLT during the 1990s, marking a paradigm shift from traditional
linear and stage-based models of language development (Larsen-Freeman, 1997). Building on earlier
applications in developmental psychology, motor coordination, and first language acquisition, CDST was
introduced to SLA to address the limitations of static, outcome-focused approaches (Thelen & Smith,
1994; Larsen-Freeman, 1997). Pioneering works by Larsen-Freeman (1997), Herdina and Jessner (2002),
and de Bot et al. (2007) established CDST as a metatheory that conceptualizes language acquisition as
a dynamic, non-linear process emerging from the interactions of interconnected subsystems, such as
cognition, emotions, motivation, and environmental factors.

The introduction of CDST represented a significant departure from traditional models, which
often relied on cross-sectional data and assumed linear progress. By the early 2000s, CDST had
gained traction, influencing a wide range of SLA topics, including vocabulary acquisition, grammar
development, and sociolinguistic competence (Verspoor et al., 2011). Recent reviews, such as those
by Hiver and Al-Hoorie (2020) and van Dijk et al. (2025), underscore CDST’s growing impact, with
over 25 years of research demonstrating its applicability to diverse domains, including multilingualism,
interactional discourse, and emotional dynamics in language learning.

A key principle of CDST is the self-organizing nature of language learning, which challenges the
static, stage-based models that dominated SLLT research before. Language development is viewed
as dynamic, constantly evolving through interactions with the learner’s environment. Attractor states
represent stable developmental points, but these states are fluid and can shift due to changing internal
and external factors (de Bot et al., 2007). This principle underscores the importance of variability—
both inter-individual (across learners) and intra-individual (within a learner over time)—which drives
development rather than being dismissed as random noise (Lowie & Verspoor, 2019).

The application of CDST has had a profound impact on various areas of SLLT, including vocabulary
acquisition, multilingualism, and the role of emotions and motivation in language development. Herdina
and Jessner (2002) applied CDST in multilingual contexts, highlighting the interdependencies between
languages and illustrating how the development of one language can influence others. More recently,
Kruk et al. (2023) examined how positive and negative emotions interact in a dynamic model of language
development, demonstrating the temporal fluctuations in learners’ emotional states and their impact on
language acquisition. In addition, MacIntyre and McGillivray (2023) delved into the complex role of
anxiety in second language learning, illustrating how anxiety fluctuates in response to various factors
and how these emotional dynamics shape learning outcomes. These studies collectively underscore the
dynamic and non-linear nature of language learning, emphasizing the importance of considering both
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internal factors, such as emotions and motivation, and external factors in understanding the processes of
second language acquisition. Despite its contributions, CDST research in SLLT is not without ongoing
debates and unresolved issues. A recurring criticism concerns the lack of methodological standardization:
while CDST calls for dynamic, idiographic approaches, there is no consensus on which methods best
operationalize its core constructs (Hiver & Al-Hoorie, 2020). Critics such as Pallotti (2022) have also
questioned whether CDST qualifies as a scientific theory in the formal sense, arguing that its explanatory
power is largely post-hoc and its predictions are difficult to falsify. Furthermore, the field has yet to
establish clear criteria for what counts as evidence of a complex dynamic system in language data,
leading to inconsistent interpretations across studies. These unresolved tensions suggest that while
CDST has productively reoriented the field toward process and variability, it requires more rigorous
methodological grounding to fulfill its theoretical promise.

2.2 The ergodicity problem in CDST research in SLLT

The concept of ergodicity, borrowed from statistical mechanics, assumes that group-level statistics
(ensemble averages) are equivalent to individual-level processes (time averages) when a system meets
two strict conditions: homogeneity, where the same statistical model applies to all individuals, and
stationarity, where statistical properties (e.g., means, variances) remain constant over time (Gates et al.,
2023; Molenaar, 2004). In SLLT, these conditions are rarely met due to the dynamic, non-linear, and
context-dependent nature of language learning and teaching (Lowie & Verspoor, 2019; Taherian et al.,
2023). As a result, SLLT processes are non-ergodic, meaning that group averages cannot be reliably
applied to individual learners or teachers.

Interestingly, the historical roots of this shift can be traced to Classical Test Theory (CTT), where
the concept of a “true score” was originally defined as a distribution function derived from repeated
measurements of a single individual over time (Lord & Novick, 1968). Practical constraints, such as
the difficulty of collecting dense data, led to a shift toward group-based measurements, often involving
single or few assessments across many individuals (Molenaar, 2004). However, CDST revives this
idiographic focus, aligning with calls for process-oriented research that prioritizes individual trajectories
over aggregated outcomes (van Dijk et al., 2025).

Empirical studies in SLLT have shown that intra-individual variability is often the primary driver
of language development, rather than group averages. For example, Lowie and Verspoor (2019) found
that variability in learners’ language measures, such as lexical diversity and syntactic complexity,
better predicted language proficiency than group averages, revealing the limitations of the ergodicity
assumption in explaining individual development. In line with this, Elahi Shirvan et al., (2020)
investigated the dynamics of foreign language enjoyment (FLE) using Ecological Momentary Assessment
(EMA), showing that FLE fluctuates dynamically within individual learners, influenced by both internal
emotional states and external factors. MacIntyre and McGillivray (2023) offer further evidence of the
non-ergodic nature of language learning through their exploration of foreign language anxiety (FLA).
Their analysis highlights how anxiety varies significantly at the individual level, with group-level
averages failing to capture the nuanced and dynamic fluctuations that occur within individual learners.
Elahi Shirvan et al. (2025) also examined the dynamics of anxiety from a person-specific perspective,
using dynamic P-technique factor analysis to reveal how anxiety patterns vary across individuals over
time, further highlighting the limitations of aggregate data in capturing individual variability. It is
important to note, however, that the critique of ergodicity does not imply that group-level research is
inherently invalid. Group-based analyses remain appropriate and informative when the research question
is explicitly focused on population-level trends, policy-relevant averages, or comparisons between well-
defined groups with reasonably homogeneous characteristics (e.g., comparing proficiency outcomes
across two instructional conditions). The concern arises when group findings are uncritically extrapolated
to individual processes, or when the research question is fundamentally about intra-individual dynamics.
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Researchers should therefore treat the ergodicity issue as a call for epistemological clarity — aligning
their method with their research question — rather than as a wholesale rejection of group designs.

However, critics of CDST, such as Pallotti (2022), argue that its focus on descriptive case studies
limits its ability to produce generalizable knowledge, a cornerstone of scientific inquiry. Pallotti contends
that CDST’s emphasis on individual variability may hinder the development of broadly applicable
theories, as case studies often lack the statistical rigor required for hypothesis testing. This critique
highlights a tension between idiographic and nomothetic approaches in SLLT, with traditional research
favoring the latter to establish universal laws. However, addressing the non-ergodicity issue does not
necessarily limit generalizability; rather, it redefines how generalization should be approached in SLLT
research (van Dijk et al., 2025). Through the bottom-up process of generalization, CDST emphasizes
starting from the individual’s trajectory and then expanding to broader patterns that emerge across
cases, allowing for a more nuanced and flexible understanding of language learning processes. The next
section will explore how generalizability is reconceptualized within CDST, highlighting how individual
trajectories, when analyzed intensively and across multiple cases, can lead to broader insights without
disregarding individual variability.

2.3 Generalizability in CDST research

CDST proponents argue that generalization is not abandoned but redefined as a bottom-up process (van
Dijk et al., 2025; Elahi Shirvan & Taherian, 2025). Rather than imposing general theories on aggregated
data, CDST starts with examinations of individual trajectories, identifying dynamic patterns (e.g.,
variability, attractor states) that form the basis for hypotheses. These hypotheses are then tested across
multiple cases to uncover shared mechanisms, enabling generalization without assuming ergodicity (Hiver
& Al-Hoorie, 2020). This bottom-up approach contrasts with traditional top-down methods, which derive
hypotheses from general theories and test them on group data, often ignoring individual differences
(Larsen-Freeman & Cameron, 2008). The CDST approach acknowledges the non-ergodic nature of
SLLT, prioritizing intra-individual variability while seeking generalizable knowledge through iterative
case comparisons (van Dijk et al., 2025). It is important to clarify, however, what constitutes sufficient
evidence for bottom-up generalization in practice. There is no universally agreed threshold, but scholars
such as Hiver and Al-Hoorie (2020) suggest that recurring dynamic patterns observed consistently
across multiple intensively studied individual cases may provide an initial basis for proposing a shared
mechanism. The criteria for comparing patterns across individuals should include the consistency
of the pattern’s direction (e.g., whether anxiety systematically precedes a drop in performance), the
magnitude of temporal effects (e.g., autoregressive and cross-lagged coefficients of similar size), and
convergence across methodologically diverse sources of evidence. As more cases are added and patterns
are replicated, the confidence in broader claims increases, while individual variability is preserved as
analytically meaningful rather than treated as noise.

Given the challenges of capturing individual variability and temporal dynamics in traditional research
designs and the ergodicity and generalizability issues, how can we move beyond the limitations of
aggregated data to better understand the complexities of SLLT? To address the limitations, scholars have
increasingly turned to ILD methods. These methods involve frequent, densely spaced measurements
over time, providing the granularity necessary to model intra-individual variability and temporal
dependencies. The next section explores the rationale for adopting ILD approaches to address these
challenges.

2.4 Intensive longitudinal data (ILD)

The rationale for utilizing ILD in SLLT stems from its ability to capture non-linear dynamics and
temporal dependencies inherent in the language learning process. Traditional cross-sectional designs and
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sparse longitudinal studies often fail to account for the dynamic, non-linear changes that occur over time,
limiting their ability to reflect the complexity of individual trajectories. By focusing on intra-individual
variability, ILD enables researchers to track fluctuations in language performance, emotional states, and
motivation in real time, providing a more accurate representation of the non-ergodic nature of SLLT.
Additionally, ILD enhances ecological validity by collecting data in naturalistic settings, thus allowing
researchers to examine language development as it occurs in real-world contexts (Gates et al., 2023).

ILD methods support advanced modeling techniques such as DSEM and ESM, which allow for
the modeling of both temporal dependencies and individual patterns. These methods provide powerful
tools for analyzing dynamic processes in SLLT (Hamaker et al., 2018). With frequent, densely spaced
measurements collected over extended periods, ILD offers real-time data collection through modern
technologies such as smartphones and wearable devices. This facilitates the capture of moment-to-
moment fluctuations in affective states, such as willingness to communicate (WTC), FLA, and FLE,
providing insights that traditional static data cannot offer (MacIntyre & Gregersen, 2022).

By prioritizing intra-individual variability, ILD and advanced modeling techniques provide a
nuanced understanding of language development. This approach challenges traditional assumptions and
facilitates bottom-up generalization, where patterns in individual trajectories are examined across cases
to identify common mechanisms (van Dijk et al., 2025; Elahi Shirvan & Taherian, 2025). Furthermore,
ILD methods bridge the gap between research and practice, offering actionable insights that inform
pedagogical strategies, teacher training, and curriculum design—especially in diverse educational
contexts where learners’ experiences are highly individualized.

Given the potential of ILD to capture the complexity of individual learning experiences, how can
these methods be integrated into SLLT research to enhance both theoretical understanding and practical
applications in real-world educational settings? To integrate ILD effectively into SLLT research, it is
essential to adopt data collection and data analysis methodologies that prioritize the capture of individual
trajectories and temporal dynamics. The next two sections explore theses methodologies, discussing how
these approaches contribute to a more nuanced and comprehensive understanding of language acquisition
and teaching.

3 Intensive Longitudinal Data Collection Approaches

To address these limitations and the ergodicity issue, ILD collection methods, such as the ESM, and
idiodynamic approaches, and integrated methodologies, have emerged as critical tools in SLLT research.
These methods allow for the frequent, real-time collection of data in naturalistic settings, aligning with
CDST’s emphasis on non-linearity, variability, and ecological validity (Hamaker et al., 2023; Maclntyre
& Gregersen, 2022). This section explores these data collection approaches, detailing their theoretical
foundations, applications, advantages, and challenges.

3.1 Experience sampling method (ESM)

ESM is a technique designed to capture real-time experiences in naturalistic settings, minimizing recall
bias and enhancing ecological validity (Gabriel et al., 2018). ESM involves prompting participants to
report their thoughts, feelings, or behaviors at specific intervals or in response to specific events, typically
via mobile devices or digital platforms (Gabriel et al., 2018). This method aligns with CDST’s principles
by capturing moment-to-moment fluctuations in variables like emotion, motivation, and engagement,
which are critical to understanding the dynamic processes in SLLT (Elahi Shirvan & Taherian, 2025).

ESM has been widely applied in SLLT to investigate dynamic constructs, particularly affective states
and their interactions with linguistic performance. Khajavy et al. (2021) employed ESM to examine
the dynamic relationships between WTC, anxiety, and enjoyment among 38 Iranian university students
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majoring in Teaching English as a Foreign Language. Their findings revealed significant variability in
all three variables over time, both within weekly sessions and from one week to another. This study
underscores the utility of ESM in capturing the temporal dynamics of L2 motivation and affect, providing
insights into how these factors fluctuate and interact in real-time.

Arndt et al. (2021) reviewed the potential of ESM for capturing second language exposure and
use, emphasizing its advantages over traditional retrospective methods. They highlighted how ESM
provides real-time data on language exposure that captures individual variation across multiple contexts,
offering greater ecological validity and precision in second language acquisition research. These studies
demonstrate the effectiveness of ESM in capturing the dynamic nature of second language acquisition,
revealing how contextual and emotional factors fluctuate and interact with learners’ language use and
performance. By offering real-time, longitudinal data, ESM provides a more nuanced understanding
of individual trajectories in L2 learning, reinforcing the importance of idiographic approaches in SLLT
research. However, ESM is not without limitations that researchers must carefully weigh. Compliance
is a persistent concern: participants may skip prompts, respond carelessly under fatigue, or alter their
natural behavior in response to repeated signaling — a phenomenon known as prompt reactivity (Gabriel
et al., 2018). Missing data is likewise common in ESM studies, especially over extended data collection
periods, and can introduce systematic bias if non-response is related to the construct being measured (e.g.,
participants skipping prompts precisely when they are most anxious). Construct instability presents a
further challenge: some psychological constructs may not be meaningfully measurable at the momentary
level, particularly those that require reflection or contextual integration to be rated accurately. It is also
important to distinguish between ESM as a general data collection strategy and specific implementation
choices — such as signal-contingent versus event-contingent designs, fixed versus random intervals,
and ecological momentary assessment versus daily diary formats — each of which carries different
implications for data quality and analytical requirements (Shiffman et al., 2008).

3.2 Idiodynamic method

The idiodynamic method is another specialized approach for capturing moment-to-moment fluctuations
in psychological states during specific tasks, making it particularly suited for studying dynamic processes
in SLLT (MacIntyre & Legatto, 2011). Unlike ESM, which collects data at intervals throughout the day,
the idiodynamic method focuses on real-time, task-specific experiences, often using video-stimulated
recall or continuous self-ratings to track variables like WTC, FLA, or motivation (Maclntyre &
Gregersen, 2022). Participants engage in a language task, such as a speaking activity, and immediately
afterward rate their experiences on a second-by-second or minute-by-minute basis, often while reviewing
a video of their performance.

The idiodynamic method is particularly valuable for studying the micro-level dynamics of SLLT,
where variables like anxiety or engagement fluctuate rapidly during tasks (MacIntyre & Gregersen,
2022). By focusing on individual experiences, it addresses the non-ergodic nature of language processes,
avoiding the pitfalls of group-based analyses (Lowie & Verspoor, 2019). The method’s emphasis on real-
time data collection also enhances ecological validity, as it captures experiences in the context of actual
language use (Elahi Shirvan et al., 2020).

The idiodynamic method has been widely applied to study affective and cognitive dynamics in SLLT,
particularly in the context of speaking tasks and classroom interactions. Maclntyre and Legatto (2011)
introduced the method to examine WTC during oral communication tasks, asking participants to rate
their willingness to speak on a continuous scale while reviewing video recordings of their performance.
Their findings revealed rapid fluctuations in WTC influenced by task-specific factors, such as topic
familiarity or interlocutor behavior, demonstrating the method’s ability to capture micro-level dynamics.

Elahi Shirvan & Talebzadeh (2017) explored the fluctuations of foreign language enjoyment (FLE)
in conversation using an idiodynamic perspective through ESM. Their research demonstrated how FLE
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fluctuated in real-time interactions, providing a more comprehensive dynamic understanding of how
affective states impact language use and communication. The study highlighted the need for idiographic
methods to capture these real-time, context-specific emotional dynamics, which cannot be fully
understood through aggregate measures alone. Kruk (2021) extended the idiodynamic method to study
FLA in virtual language learning environments, finding that anxiety levels varied significantly within
a single task, driven by factors like technical difficulties or peer feedback. This study highlighted the
method’s sensitivity to context-specific fluctuations, aligning with CDST’s interconnectedness principle
(van Dijk et al., 2025).

In teacher-focused research, the idiodynamic method has been used to explore pedagogical dynamics.
For example, Gregersen et al. (2014) applied the method to study teacher anxiety during classroom
instruction, finding that moment-to-moment fluctuations were influenced by student engagement and
lesson planning. These applications demonstrate the idiodynamic method’s versatility in capturing both
learner and teacher dynamics, providing insights into the non-linear processes of SLLT (Larsen-Freeman
& Cameron, 2008). While the idiodynamic method and ESM share a commitment to capturing intra-
individual variability in real time, they differ meaningfully in scope, procedure, and practical demands,
and these differences should be kept conceptually distinct. ESM samples experiences across naturally
occurring daily contexts at regular or random intervals, whereas the idiodynamic method is task-bound
— it captures fluctuations during a delimited activity such as a speaking task, using video-stimulated
recall to elicit second-by-second or minute-by-minute self-ratings. This makes the idiodynamic method
particularly sensitive to micro-level task dynamics but less suited to capturing variability across contexts
or over extended time periods. The idiodynamic method also carries specific practical burdens that ESM
does not: it requires video recording of participants, which raises privacy considerations; it depends on
participants’ willingness and ability to engage in retrospective rating while watching themselves, which
can introduce reflection or social desirability biases; and the resulting continuous-rating data require
specialized coding and segmentation procedures before analysis. Researchers choosing between the two
methods should base their decision on the temporal scale and contextual scope of the research question
rather than defaulting to one method as universally superior.

Despite their advantages, these approaches present challenges, including participant burden, data
complexity, and contextual variability. Frequent prompts can lead to participant fatigue, especially in
long-term studies, requiring careful study design to balance frequency and engagement (Gabriel et al.,
2018). Additionally, the large volume of data collected necessitates advanced analytical techniques like
DSEM (see nest section), which can handle temporal dependencies and manage missing data (Hamaker
etal., 2018).

3.3 Dynamic structural equation modeling as a data analysis method

DSEM represents a hybrid analytical approach that combines elements of time-series, multilevel
modeling (MLM), and structural equation modeling (SEM) into one comprehensive framework (Elahi
Shirvan & Taherian, 2025). In non-technical terms, DSEM can be thought of as a tool that tracks how
a person’s experiences (such as their anxiety or motivation) change from one moment to the next,
examines whether those changes predict future experiences, and then compares these individual patterns
across many people to identify what is broadly shared. Unlike traditional statistical models that produce
a single average for a group, DSEM generates a model for each individual and then organizes these
individual models into a coherent picture of group-level trends. This combination allows researchers to
study both the temporal dynamics within individual learners and the variability across individuals, which
is crucial for understanding complex and dynamic systems like SSLT (Hamaker et al., 2023). Table 1
indicates a detailed breakdown of how each of these models contributes to addressing the ergodicity
issue and enhancing generalizability.
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Table 1
Hybrid Analytical Approach of DSEM
Approach  Focus Key Function Description
Analyzing data from a Models how previous states ~ Helps address the ergodicity
) . single individual over influence future states, useful issue by modeling individual
Time-series ) ) . ; . ) )
Modelin multiple time points to for studying fluctuations, learner trajectories over
g capture non-linear changes transitions, and momentum in time, capturing non-linear
in language development. learning. changes and fluctuations.
Capturing variation Accounts for individual Enhances generalizability
. in dynamics across differences in developmental by accounting for
Multilevel . 7. ) ) . . . ) .
Modelin individuals while trajectories and varying individual differences in
& considering the nested impacts of predictors. developmental patterns,
(MLM) )
structure of the data. allowing for more accurate
comparisons.
Modeling both within- Incorporates path or factor Contributes to
person processes analysis to identify directional generalizability by
and between-person dynamic associations between integrating individual and
Structural ) . ) ) L
Equation differences simultaneously variables such as language group dynamics, providing
Mc(l) delin to identify causal proficiency and emotional a comprehensive model
(SEM)g relationships. states; note that DSEM for broader insights while
supports lagged predictive maintaining individual
inference rather than strict variability.

causal claims.

3.3.1 DSEM decomposition: Person means and temporal deviations

A fundamental aspect of DSEM is the decomposition of individual trajectories into two components:
person means (also known as attractors) and temporal deviations (also known as states) [See figure 1,
Panel A]. This decomposition is critical for distinguishing between stable, trait-like characteristics and
dynamic, state-like fluctuations in the data (Hamaker et al., 2018).

Person means refer to an individual’s long-term equilibrium or average level with respect to a given
variable (Elahi Shirvan et al., 2026). These are considered attractor states, which represent the stable
baseline characteristics of an individual. These values are expected to remain relatively stable over time
unless influenced by external factors or significant learning events.

Temporal deviations represent the short-term fluctuations or dynamic changes from the individual’s
baseline or attractor state (Solhi et al., 2026). These deviations capture the transient, state-like aspects of
an individual’s learning process. By analyzing these deviations, researchers can examine how learners
react to specific learning experiences, teaching interventions, or contextual factors (e.g., peer interactions,
feedback, or task difficulty) (Elahi Shirvan & Taherian 2025).

The decomposition into attractors and states is particularly valuable because it allows researchers to
differentiate between stable individual traits and the dynamic, time-varying processes that influence SLA.
This distinction is key in understanding how individual learners respond to various learning conditions
over time, as well as how their internal states may influence their language learning trajectories.
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Figure 1
DSEM
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3.3.2 Levels and Parameters in DSEM

DSEM operates on two levels of analysis: the intra-individual level (within-person) and the inter-
individual level (between-person). These two levels of analysis provide a comprehensive understanding
of how dynamic processes unfold both within an individual and across individuals in a sample. This
section explores the key parameters of DSEM at two levels:

At the within-person level, DSEM starts with individual-level (N = 1) time series analyses (see
Figure 1, Panel B). Key parameters include autoregressive effects (e.g., @), which measure the stability
of a variable (e.g., negative affect) from one time point to the next, reflecting inertia or carryover. Cross-
lagged effects (e.g., B) assess how changes in one variable predict subsequent changes in another,
capturing lagged relationships. These parameters are estimated using time series models, allowing for
the analysis of temporal dependencies within each individual. Residual variances at this level (e.g., {)
represent unexplained variability after accounting for lagged effects, indicating random fluctuations or
measurement error specific to each time point.

At the between-person level, the MLM component then extends this analysis to multiple cases
simultaneously (see Figure 1, Panel C). This level estimates mean parameters (e.g., mean autoregressive
and cross-lagged effects) and their variability across individuals. For instance, the average autoregressive
effect (¢) and its standard deviation across persons quantify how consistently individuals exhibit stability,
while the average cross-lagged effect (B) and its variability reflect differential responsiveness to events.
Residual variances at this level (e.g., random effects on ¢ and ) capture between-person heterogeneity in
these dynamic processes, highlighting how traits or contextual factors may influence parameter estimates.
The SEM component further enhances this by modeling these individual differences using path analysis
or factor analysis, providing a structured way to generalize findings.
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4 Empirical example: L2 teacher boredom and creativity

Elahi Shirvan et al. (2024) conducted a study that highlights the advantages of applying DSEM within
CDST research. Their investigation focuses on the daily fluctuations of boredom and creativity among
L2 teachers, exploring how these two constructs interact and how control-value beliefs influence these
interactions. The concept of “control-value beliefs” comes from control-value theory, which posits
that emotions like boredom are shaped by an individual’s perceived control over their actions and the
value they assign to the activity. Specifically, control beliefs relate to an individual’s perceived ability
to influence a situation, such as how much control teachers feel they have over classroom management
or their professional responsibilities. Value beliefs, on the other hand, refer to the importance a teacher
places on their teaching tasks. Teachers who value their work more are likely to find it more engaging,
which can impact their emotional experiences, including boredom and creativity. The data for this study
were collected using a 5-day ESM facilitated by the Paco mobile app, involving 98 L2 teachers and
yielding 423 observations. Participants reported their daily levels of boredom and creativity, while their
control-value beliefs were assessed as time-invariant variables at the beginning of the study. The study
addressed three key research questions:

1. How quickly do L2 teachers restore balance after experiencing boredom and creativity over the
course of a workweek?

2. What is the dynamic relationship between boredom and creativity for L2 teachers over the course
of a workweek?

3. How does the relationship between boredom and creativity vary across L2 teachers, considering
their control-value beliefs?

The study conducted at two intra-Individual and inter-Individual levels, using three models to address the
research questions:

4.1 Intra-individual level: A time-series model

At the intra-individual level, DSEM was used to analyze the temporal dynamics of boredom and
creativity for each teacher throughout the workweek. This model examined autoregressive effects (e.g.,
how a teacher’s boredom or creativity at one time point influenced the same variable at the next time
point [RQ1]) and cross-lagged effects (e.g., how boredom influenced creativity, and vice versa, across
time points [RQ2]). The autoregressive coefficients indicated that boredom showed greater persistence
than creativity, meaning that teachers needed more time to recover from boredom. In contrast, creativity
was more transient, returning to baseline levels more quickly. These findings provided insights into the
temporal dynamics of boredom and creativity at the individual level.

However, the cross-lagged regression results showed variability across teachers: For some teachers,
there were significant positive cross-lagged effects from boredom to creativity; for others, significant
negative cross-lagged effects were observed from boredom to creativity, and for a subset of teachers,
cross-lagged effects were non-significant, implying no direct relationship between boredom and
creativity over time.

To better understand these differences, the study examined the relationship between boredom and
creativity in the context of teachers’ Control-Value beliefs (See Table 2). Some teachers exhibited strong
reciprocal relationships between boredom and creativity, while others showed weaker or unidirectional
effects. Participants were grouped into four clusters based on the nature of the relationship between
boredom and creativity (positive, negative, or nonsignificant), with credibility intervals for standardized
coefficients containing zero.
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Table 2
Different Patterns of the Dynamic Interplay between Teacher Creativity and Boredom

Cluster Control Intrinsic Achievement Features
M SDM SD M SD

1. Inn 1 her: . ) )
ovative teachers Proactive and innovative teachers

N=14 with a strong sense of control, finding
%=14.58% 5.86 .17 6.84 .11 4.68 .14 intrinsic value in their work, and
B, Sig and positive. moderately believing in significant

B.: Sig and negative achievement outcomes.
¢ .

2. Adaptable teachers

Flexible teachers who maintain

N=21 moderate control, value intrinsic
%=21.87% 511 .21 598 .08 4.95 .09 aspects, and believe in meaningful
B, Nonsig. achievements. They are open to
o . adapting their methods
P Sig and negative.
3. Traditionalist teachers They prefer conventional teaching
N=54 methods, with a moderate sense of
%=54.16% 447 25 500 21 508 24 control, 1nU1ps1c value belief agd hlgh
. Sio and . sense of achievement value beliefs in
Ps 1.g an neg?uilve. achieving outcomes through traditional
Pc: Sig and positive. approaches.
4. Dissatisfied teachers
N=7
%= 7.29% ];issegisfﬁeg teachiilslexperienge ;
issatisfaction, with low perceive
P=0, CIs for S 3.86 .28 427 08 415 .05 control, intrinsic value, and

contained zero. ) ;
achievement value beliefs.

P Sig and negative.
P Nonsig.

Note. Abbreviations: Control, teacher’s perceived control; intrinsic, teacher’s teaching intrinsic values;
achievement, teacher’s teaching achievement values. M, mean; SD, standard deviation; Cls, credibility
intervals. 3, cross-lagged effects from boredom to creativity. S, cross-lagged effects from creativity to
boredom.

The analysis revealed that for different patterns of changes as clusters based on the nature of the
relationship between boredom and creativity (positive, negative, or nonsignificant). Control-value beliefs,
measured as time-invariant variable, explained these individual differences. A summary of these results
is presented in Table 2.

4.2 Inter-Individual Level: MLM, and SEM

At the inter-individual level, DSEM incorporated MLM to examine variability in dynamics across
teachers (see Figure 2). The model revealed significant between-person variation in how teachers
experienced and responded to boredom and creativity in for clusters. For example, the correlations
between the mean levels of boredom and creativity in Clusters 1 and 2 were non-significant, suggesting
that for innovative and adaptable teachers, the trait level of boredom is not necessarily linked to the trait
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level of creativity. This finding implies that these teachers may be less dependent on external rewards,
and their moderate to high levels of perceived control and intrinsic value beliefs may contribute to their
resilience against the negative effects of boredom on creativity. In contrast, for teachers in Clusters 3 and 4,
higher trait boredom levels were associated with lower trait creativity levels. These teachers, with lower
perceived control, may feel restricted in their decision-making and ability to implement creative ideas in
reshaping their environments.

Figure 2
Between-Individual Variation in Four Clusters

ns

7 aguee o° T hiesy R j
LI S : _ oo /a7 ;BT e °
4 e R RS R s R ISR e Sy (RS e
43mee ; 28k ;

43nrr 4] 29%

Cluster 1. Innovative teachers

23] hc
_ §)EEE
A4nne - 25+
2 GEEN . A5 ENhiiid
L :
2= o s
fin 24~
ATEER 31*

log(yz) @

Cluster 3. Traditionalist teachers Cluster 4. Dissatisfied teachers



14 International Journal of TESOL Studies

This research showcases how DSEM, along with additional clustering, can capture both within- and
between-person dynamics of boredom and creativity, revealing unique temporal characteristics, inter-
individual variability, and the role of control-value beliefs in shaping these emotional dynamics among
L2 teachers.

Other two studies in SLLT have used DSEM to explore the dynamic relationships between various
affective and cognitive variables over time, addressing the ergodicity issue. Pawlak et al. (2025) utilized
DSEM to investigate the dynamic reciprocal associations between emotions during Al-assisted L2
writing tasks and data-driven learning. Their study revealed how emotions such as anxiety and enjoyment
fluctuate throughout the writing process and interact with learners’ engagement and performance. The
findings underscore the importance of capturing these temporal dynamics to understand the complex,
evolving nature of emotional states in second language learning. Similarly, Solhi, et al. (2024) applied
DSEM to examine the impact of L2 teacher enjoyment on EFL learners’ enjoyment and willingness
to communicate. Their study demonstrated that positive emotional dynamics in the classroom are not
only influenced by individual teacher emotions but also serve as a catalyst for enhancing learners’ own
emotional engagement and communication willingness. These studies illustrate how DSEM enables a
deeper understanding of the temporal and reciprocal influences between emotional states, cognition, and
behavior in language learning contexts.

5 Affordances and Contributions of ILD and DSEM in SLLT

In the context of SLLT, the integration of ILD and DSEM presents significant methodological
affordances that address critical challenges in understanding the dynamic and non-ergodic nature of
language learning. These methods contribute notably to the resolution of the ergodicity issue, a persistent
concern in SLLT research where group-level statistics are often assumed to reflect individual processes.
SLLT processes, however, are inherently non-ergodic, with individual learners and teachers following
unique trajectories influenced by personal and contextual factors (Lowie & Verspoor, 2019). By focusing
on intra-individual dynamics and modeling person-specific patterns, ILD and DSEM offer a robust
framework to capture and analyze the variability and complexity of individual learning trajectories.

DSEM, in particular, facilitates a nuanced understanding of dynamic processes within language
learning by allowing for the modeling of autoregressive and cross-lagged relationships over time. These
relationships are essential for understanding how emotions, such as enjoyment and anxiety, influence
one another and evolve in response to external and internal factors. By incorporating random effects and
multilevel structures, DSEM addresses the critical need for a bottom-up generalizations within SLLT
research. This dual perspective allows researchers to examine individual patterns while still identifying
broader, shared trends across a population of learners (van Dijk et al., 2025). Through this approach,
DSEM creates an analytical space where both general principles and individual variability are accounted
for, enhancing the validity of findings across different contexts and learning environments.

A key methodological affordance of DSEM is its capacity to model the “attractor states” of learners,
which represent the long-term equilibria of variables such as enjoyment, motivation, or anxiety. Attractor
states serve as a dynamic baseline to which learners return in the absence of disruptions (Hiver et al.,
2021). Temporal deviations from these states—manifested as fluctuations in emotional or motivational
experiences—can be interpreted as affective states that influence a learner’s ability to engage with
language learning. This dual consideration of attractor states and affective states allows for a more
comprehensive understanding of the fluctuating and dynamic interactions among various factors in
the language learning process. For example, DSEM can estimate how long it takes for a learner to
recover their baseline enjoyment after experiencing a drop due to a challenging task, or how individual
differences in resilience affect recovery time.
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Beyond autoregressive relationships, DSEM’s capacity to model cross-lagged effects is particularly
valuable in SLLT. Cross-lagged relationships examine the reciprocal influence between variables
over time, such as how a learner’s enjoyment might impact their anxiety levels, and vice versa. This
methodological strength is especially relevant in the context of CDST, which emphasizes the co-
evolution of multiple variables within an individual. By analyzing cross-lagged effects, DSEM provides
critical insights into the dynamic interplay between affective and motivational factors, such as the role
of anxiety in shaping enjoyment and the reverse influence of enjoyment on anxiety (van Dijk et al.,
2025). This comprehensive approach enhances the capacity of researchers to uncover the temporal and
predictive associations between emotional and cognitive processes in language learning.

Moreover, DSEM’s ability to model system noise further strengthens its contribution to SLLT
research. System noise refers to the unmeasured variables that can affect learners’ emotional and
cognitive experiences. By analyzing residual variances at both the intra-individual and inter-individual
levels, DSEM allows researchers to capture nuanced differences in how learners are impacted by these
unmeasured factors. This capacity to model system noise is vital for uncovering individual differences in
how learners respond to external challenges, such as task difficulty or classroom dynamics, providing a
richer and more detailed understanding of the variability in language acquisition (Hamaker et al., 2023).

6 Challenges of ILD and DSEM in SLLT

The integration of ILD) and DSEM into SLLT has significantly advanced research methodologies.
However, these approaches present several challenges that must be addressed to optimize their utility
in the field. This section discusses the methodological, analytical, and practical challenges of ILD and
DSEM in SLLT.

6.1 Methodological challenges
6.1.1 Sample size requirements

A major challenge in using ILD and DSEM in SLLT research is the need for large sample sizes and
multiple time points. DSEM generally requires a minimum of 50 participants and 25 time points per
participant to ensure sufficient statistical power and model convergence (McNeish, 2019). In SLLT,
where recruitment can be limited, particularly in specialized language programs or rural settings, this
requirement can be difficult to meet. ILD, which often necessitates frequent measurements, exacerbates
this issue. To overcome this, researchers can adopt small-sample DSEM techniques like Bayesian
estimation, which has proven to enhance model stability with fewer participants (McNeish, 2019).

6.1.2 Data Collection Burden

The frequent data collection required by ILD methods, particularly through ESM or idiodynamic
approaches, places a significant burden on participants, potentially leading to attrition and fatigue
(Shiffman et al., 2008). In SLLT, where both teachers and learners have demanding schedules, frequent
data collection can disrupt daily routines and reduce response rates. To mitigate this, researchers can
optimize prompt timing, shorten surveys, and use adaptive methods that respond to specific triggers (e.g.,
lesson completion) (Shiffman et al., 2008).

6.1.3 Data Quality and Measurement Invariance

Maintaining data quality in ILD studies is challenging due to missing data, which is common in
naturalistic settings like classrooms. Disruptions such as student absences can interrupt data collection
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(Ortega & Iberri-Shea, 2005). Additionally, response bias and measurement invariance, particularly
when participants self-report on constructs like anxiety or motivation, complicate the process. Ensuring
consistency across time points and participants is essential, but resource-intensive, requiring validated
scales and robust measurement models (McNeish & Hamaker, 2020).

6.2 Analytical challenges
6.2.1 Analytical complexity

DSEM is analytically complex, integrating multiple statistical techniques such as time-series analysis,
MLM, and SEM. This complexity requires advanced statistical expertise, particularly in autoregressive
and cross-lagged effects, random effects, and Bayesian estimation (Asparouhov et al., 2018). DSEM’s
steep learning curve can hinder its adoption, especially in SLLT, where many researchers lack this
specialized knowledge. Solutions may include targeted training and the development of user-friendly
software tools like Mplus.

6.2.2. Model convergence and overfitting

DSEM faces critical challenges regarding model convergence and overfitting. Convergence problems
occur when the model fails to stabilize due to insufficient data or overly complex specifications (Hamaker
et al., 2023). Overfitting occurs when a model captures random noise rather than meaningful patterns,
thus undermining the generalizability of results (Hamaker et al., 2018).

6.2.3. Software accessibility

Access to software also hinders the widespread adoption of DSEM. MPlus offers an intuitive interface
but requires a paid license, making it inaccessible for researchers in low-resource settings (Asparouhov
et al., 2018). While open-source tools like R’s dynr or Stan offer flexibility, they require significant
programming expertise, which limits accessibility for researchers without coding skills (Elahi Shirvan &
Taherian, 2025).

6.3. Practical challenges
6.3.1. Participant recruitment and retention

Recruiting and retaining participants for ILD studies is particularly challenging in SLLT due to the
demanding schedules of learners and teachers. Frequent surveys can cause fatigue, leading to lower
response rates and high dropout rates. Strategies like asynchronous ESM prompts or gamified interfaces
could improve participant engagement, but they require thoughtful implementation to ensure data quality.

6.3.2. Ethical considerations

Ethical issues in ILD studies, especially those involving sensitive emotional constructs (e.g., teacher
burnout or FLA), require careful attention to privacy, consent, and participant well-being (Maclntyre
& Gregersen, 2022). Researchers must establish robust informed consent protocols and ensure that
participants feel protected throughout the data collection process, particularly in environments with
power dynamics, such as between teachers and students.
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6.3.3 Resource constraints

The implementation of ILD and DSEM requires significant resources, including software, devices, and
participant incentives. In under-resourced settings, limited access to these resources can impede research.
Open-source tools and low-cost mobile apps may help alleviate these constraints, but their successful
implementation requires infrastructure support and training. Taken together, these challenges are not
equally pressing or equally tractable. The most serious and least easily resolved challenge is analytical
complexity: the statistical expertise required to implement DSEM correctly is substantial, and errors in
model specification — such as treating cross-lagged effects as causal or ignoring model convergence
diagnostics — can produce misleading findings that are difficult for non-specialist readers to detect.
This challenge is compounded by limited software accessibility and the scarcity of DSEM-trained
methodologists in applied linguistics. The challenges of data collection burden and participant retention,
while significant, are more manageable through thoughtful design choices such as adaptive prompting,
participant incentives, and pre-registration of acceptable attrition thresholds. Ethical concerns and
resource constraints are field-dependent: they are particularly acute in under-resourced or institutional
research settings but may be less prohibitive in well-funded university contexts. Prioritizing these
challenges rather than cataloguing them helps researchers make informed decisions about whether and
how to adopt ILD and DSEM.

7 Conclusion

The integration of ILD and DSEM into SLLT has substantially advanced the way researchers capture
the dynamic, non-linear, and individualized nature of language acquisition. These methods address the
limitations of traditional approaches by focusing on intra-individual variability, temporal dynamics,
and contextual interactions, aligning with CDST. DSEM’s ability to model non-ergodicity, non-linear
relationships, and identify subgroups of learners or teachers makes it an essential tool for personalized
pedagogy and evidence-based practices in language education.

Despite challenges such as sample size requirements, data collection burden, and analytical
complexity, these methods offer significant contributions to SLLT research. By providing granular
insights into learners’ and teachers’ experiences, ILD and DSEM enable tailored interventions that
promote engagement, reduce educational disparities, and improve learning outcomes. Furthermore,
they bridge the gap between research and practice, ensuring that SLLT scholarship has direct real-world
applications.

Looking forward, addressing the challenges of ILD and DSEM through innovations in data
collection, analysis, and accessibility will enhance their impact. Ultimately, these methods will continue
to shape the future of SLLT research, fostering more personalized, equitable, and effective language
teaching and learning.
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