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Chapter 1 

 

Introduction 

 

 
The process of learning a second or foreign language (L2) is highly personal and de-

pends on a wide variety of learner individual differences (IDs). For example, motiva-

tion, personality, emotions, cognitive abilities, and self-beliefs can all influence L2 

learning (Biédron, 2011; Botes et al., 2022a; Goetze & Driver, 2022; Li, 2016; Qi, 

2022). Language learning is also context dependent, whereby learners may draw on 

different skills and attributes depending on their proficiency level and previous lan-

guage learning experience (Dunn & Iwanieç, 2022; Serafini, 2017). In the field of 

second language acquisition (SLA), there is now a wealth of research on how ID var-

iables from across different domains influence L2 learning (see Li et al., 2022). The 

field of SLA emerged in the 1950s and 60s when cognitive psychology was the dom-

inant paradigm, with a focus on information-processing approaches (Hulstijn, 2007). 

The 1980s and 90s saw the rise of sociocultural theory, emphasizing the integration 

of social and contextual aspects of language learning (Lantolf, 1994). In the last two 

decades, we have seen an emotional turn in SLA (White, 2018) and the emergence of 

positive psychology as a subfield (MacIntyre & Mercer, 2014). Within each of these 

research strands there are multiple different theoretical frameworks, and the field con-

tinues to expand with the introduction of additional learner IDs to study (such as grit, 

flow, boredom, and mindsets).  

At this juncture, we need to work towards synthesizing SLA research strands. 

We know a lot about how certain learner IDs influence L2 learning, but we know less 

about how IDs from different domains interact, and even less about how combinations 

of different ID variables jointly influence L2 learning. As noted by other scholars 

(DeKeyser, 2010; Hulstijn, 2007), the field of SLA has long shown signs of disinte-

gration, with the siloing of different theoretical frameworks and ID constructs. While 

there has been conceptual work and theoretical discussion of how to work towards a 
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more integrative framework of SLA (Atkinson et al., 2025; The Fir Douglas Group, 

2016), this needs to be accompanied by empirical studies.  

The goal of this PhD research was to work towards an integrative theory of 

language aptitude, considering how combinations of learner abilities and characteris-

tics from across different domains relate to L2 learning. Drawing on cognitive, soci-

ocultural, and psychological SLA research strands, we define language learning apti-

tude as the prediction of how well an individual can learn a second or additional lan-

guage, conceptualizing aptitude as a multivariate, multidimensional construct. This 

definition diverges from how aptitude has typically been viewed in the field: language 

aptitude has typically been conceptualized as a purely cognitive construct, while we 

consider aptitude more broadly. In this introductory chapter, we provide a brief over-

view of key topics within this dissertation, and explain the structure of the following 

chapters.  

 

1.1 Complex dynamic systems theory  

It was important early on in this project to identify an appropriate theoretical frame-

work that acknowledges the closely-connected and interdependent nature of IDs in 

language learning. In order to integrate different SLA research strands, we used com-

plex dynamic systems theory (CDST). CDST is a metatheory that provides a frame-

work for exploratory research in order to understand language development (Hiver et 

al., 2022; Hulstijn, 2020). In the field of SLA, CDST has become a popular framework 

to study mechanisms of change, inter and intraindividual variation, and interactions 

between internal and external learning processes (van Dijk et al., 2024). From a CDST 

perspective, each learner is thought to have a multilinguistic system consisting of mul-

tiple interacting subsystems (van Dijk et al., 2024). Systems are considered to “emerge 

from dynamic interactions between components of a learner, such as perception, cog-

nition, memory, attention, and interactions between a learner and their social and ma-

terial environment” (van Dijk et al., 2024, p. 3). In this way, systems are characterized 

by complete interconnectedness, whereby “all variables are interrelated, and therefore 

changes in one variable will have an impact on all other variables that are part of the 
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system” (de Bot et al., 2007). It is because of the numerous interactions and interde-

pendencies among system components that systems are described as complex 

(Larsen-Freeman & Cameron, 2008).  

Many SLA researchers have used a CDST framework to study aspects of 

language development (Fogal, 2022; Gui et al., 2021; Lowie & Verspoor, 2019) and 

learner IDs such as anxiety (Gregersen. 2020; Piniel, 2024), motivation (Papi & Hiver, 

2020; Yu et al., 2022) and learner self-concept (Mercer, 2011). However, these ID 

variables have typically been studied in isolation, or with a focus on a particular do-

main (e.g., conation or cognition). Our aim was to develop an integrative theory of 

language aptitude within a CDST framework, viewing cognitive abilities, motivation, 

personality traits, and other learner IDs as components of an interacting system. By 

taking such a broad definition of aptitude, it was challenging to determine which ID 

variables to include, especially considering the diverse range of IDs known to influ-

ence L2 learning.  

 

1.2 Snow’s theory of aptitude complexes 

 

A few months into the start of this project, I came across Snow’s (1987; 1992) theory 

of aptitude complexes. Snow (1987; 1992) was an educational psychologist who took 

a holistic view of aptitude, and stressed the importance of considering the combined 

influence of affective, conative, and cognitive functions in learning. Affect refers to 

learners’ temperaments and moods, such as personality traits and emotions. Conation 

refers to learners’ sources of motivation to learn (e.g., integrative, instrumental) and 

their volition to act on that motivation (e.g., L2 use, willingness to communicate). In 

his work, Snow (1992) developed a model of aptitude based on an associative network 

of components, where components referred to learners’ knowledge, skills, and cona-

tive and affective aptitudes. To describe different combinations of aptitudes that in-

teract with instructional treatments, Snow (1987) used the term ‘aptitude complexes’. 

While Snow originally explored the idea of aptitude complexes with research con-

ducted in STEM (science, technology, engineering, and mathematics) settings, his ho-

listic perspective of aptitude had not been applied to the study of language aptitude. 
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For this PhD research, Snow’s theory of aptitude complexes provided a clearer theo-

retical framework to integrate different SLA research strands. In addition, as we dis-

cuss in Chapter 4, many aspects of Snow’s work have parallels with CDST.  

We developed plans for a large, multivariate study of aptitude for L2 Dutch 

learning, looking at the relationships between multiple ID variables and L2 learning 

outcomes. We aimed to explore Snow’s theory of aptitude complexes, by modelling 

relationships between learner IDs from different domains, and their relationship with 

L2 learning gains.  

 

1.3 Aligning theory and method  

 

The next step was to explore methodologies that could enable the modelling of apti-

tude complexes. For the last century, researchers have predominantly used factor-an-

alytic techniques to create measurement models of latent constructs, inferred from 

observed variables. In SLA research for example, it is common to use factor analysis 

and structural equation modelling (SEM) to model associations between measured 

variables (e.g., Ehrman et al., 1995; Gardner et al., 1997). Developed by Spearman 

(1946), factor analysis identifies patterns of correlations between measured variables 

that are hypothesized to reflect the latent construct, shown by factor loadings (Corno 

et al., 2002; El-Den et al., 2020). During the early stages of my research, the more I 

read about factor analysis and latent variable theory, the more I understood that it was 

not compatible with a CDST framework. I did not want to model aptitude as a single, 

latent construct. Rather, I wanted to model aptitude as a network of multiple interact-

ing components. In his work, Snow (1987, 1992) explored the use of correlational 

mapping and Radex structures to model multivariate interactions between ID varia-

bles. Snow also reflected on the statistical limitations at that time and the challenges 

of empirically modelling aptitude complexes. In order to better align with Snow’s 

theory of aptitude complexes, I realized that I needed to move away from factor-ana-

lytic approaches and find an alternative methodology. I started looking outside of the 

field of SLA and applied linguistics, and instead turned to the field of psychology.  



Introduction 
      

 

 

 

 

 

 

 

5 

I learned that in the field of psychology, researchers working within a CDST 

framework had also questioned the suitability of using factor-analytic approaches to 

model constructs from a systems perspective. In a seminal paper, van der Maas et al. 

(2006) discussed the concept of general intelligence from a mutualism perspective, 

offering an alternative explanation for the positive manifold (positive correlations be-

tween test scores). Inspired by eco-system modeling, they put forward a dynamical 

model of general intelligence, whereby system components are reciprocally causal. 

From this perspective, psychological constructs such as intelligence are not viewed as 

single, underlying abilities or traits. Instead, constructs are viewed as a network of 

interacting components. Reading the work of van der Maas et al. (2006; 2017) and 

Hilpert and Marchand (2018) had a significant impact on my research. In these papers, 

the authors contrast the theoretical distinctions between factor models and network 

models, and highlight the importance of aligning theory and method. Network analy-

sis is a new method that is becoming increasingly popular in educational and clinical 

psychology. Psychological network analysis has been used to model constructs such 

as intelligence (van der Maas et al., 2006), personality (Constantini et al., 2025), and 

resilience (Lunansky et al., 2025) from a systems perspective. This method is consid-

ered a useful, exploratory tool for visualizing patterns of relationships in multivariate, 

psychological data (Epskamp et al., 2018a).  

Network analysis appeared to be an appropriate method of statistical analysis 

for the exploratory nature of this research, and the theoretical underpinnings of net-

work analysis had a close alignment with Snow’s theory of aptitude complexes. In 

addition, network approaches have been developed predominantly by researchers 

close by at the University of Amsterdam in the Psychological Methods department. I 

took the Psychological Networks Amsterdam Winter School, where I learned about 

network modeling techniques for cross-sectional and longitudinal data. As I had not 

yet collected my own data, I used publicly available SLA datasets to practice applying 

these techniques. This also served as a proof of concept for future analyses, as psy-

chological network analysis was new to the SLA field. In this dissertation, three chap-

ters include a network approach.  
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1.4 Overview of the dissertation   

 

This research came to have two overarching goals: to investigate the construct of lan-

guage aptitude from an integrative perspective, and to identify appropriate statistical 

models to do this. The first part of this dissertation focuses on methodology and net-

work analysis. In Chapters 2 and 3, we evaluate the use of network analysis for SLA 

research, with a particular emphasis on CDST-inspired research. In Chapter 2, we 

evaluate the use of network analysis with cross-sectional data, while in Chapter 3 we 

focus on intensive, longitudinal data. The second part of this dissertation focuses on 

the construct of aptitude, reporting empirical findings from a large study of aptitude 

for learning L2 Dutch, based on 544 learners of Dutch across the Netherlands. In 

Chapter 4, we take a variable-centered approach, using exploratory graph analysis to 

visualize the relationships between ID variables from across cognitive, affective, and 

conative domains, as well as the L2 learning context. In Chapter 5, we take a person-

centered approach, using cluster analysis to identify groups of learners who share sim-

ilar aptitude profiles. Lastly, in Chapter 6, we summarize the main findings of each 

chapter and discuss the implications of working towards a broader theory of language 

aptitude.  

 

1.5 Availability of study materials 

 

For each study reported in this dissertation, all materials, data, and scripts used for 

analyses are publicly available on our Open Science Framework (OSF) page:  

https://osf.io/hjcvz/overview 

https://osf.io/hjcvz/overview


  

Chapter 2 

 

Network analysis for modeling complex systems in SLA re-

search* 

 

 

Abstract 

Network analysis is a method used to explore the structural relationships between 

people or organizations, and more recently between psychological constructs. Net-

work analysis is a novel technique that can be used to model psychological constructs 

that influence language learning as complex systems, with longitudinal data, or cross-

sectional data. The majority of complex dynamic systems theory (CDST) research in 

the field of second language acquisition (SLA) to date has been time-intensive, with 

a focus on analyzing intra-individual variation with dense longitudinal data collection. 

The question of how to model systems from a structural perspective using relation-

intensive methods is an under-explored dimension of CDST research in applied lin-

guistics. To expand our research agenda, we highlight the potential that psychological 

networks have for studying individual differences in language learning. We provide 

two empirical examples of network models using cross-sectional datasets that are pub-

licly available online. We believe that this methodology can complement time-inten-

sive approaches and that it has the potential to contribute to the development of new 

dimensions of CDST research in applied linguistics.  

 
 
2.1 Introduction 

 

In the field of second language acquisition (SLA), complex dynamic systems theory 

(CDST) is a theoretical paradigm used to study the complex and dynamic nature of 

language, language use, and language development (Hulstijn, 2020). A complex sys-

tem is formed out of interactions between multiple internal and external system com-

ponents. For example, if conceptualizing language development as a complex system, 

changes in development are dependent on interactions between a learner’s internal 

 

 
* This chapter is a slightly modified version of a published article: Freeborn, L., Andringa, S., 

Lunansky, G., & Rispens, J. (2023). Network analysis for modeling complex systems in SLA 

research. Studies in Second Language Acquisition, 45(2), 526-557.  
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resources like working memory, motivation, and personality, as well as external, en-

vironmental resources like the teacher, learning materials, and language use (van 

Geert, 1991). These internal and external resources are interrelated, whereby altering 

one component could in turn alter other components of the system (de Bot et al., 

2007). In this way, a complex system is characterized by complete interconnectedness 

and mutual causality (Larsen-Freeman & Cameron, 2008). Complex systems are in-

herently dynamic; systems emerge over time through processes of self-organization 

and co-adaptation between micro- and macro-level system components (Larsen-Free-

man, 1997). This means that complex systems are soft-assembled, whereby systems 

are “more than the sum of their parts, reflecting a multiplicative combination of at-

tributes, experiences and situational factors” (American Psychological Association, 

2017). CDST researchers in SLA have acknowledged the impossibility of fully 

‘knowing’ a system, as complex systems are characterized by unpredictability and 

nonlinearity, where changes in the system can be disproportionate to the cause 

(Larsen-Freeman, 1997). Although a complex system is, by definition, constantly in 

flux, the system can also demonstrate periods of temporary stability. This is referred 

to as an attractor state; a self-sustaining state in which interactions “are actively re-

produced over time” (van Geert, 2019, p. 168). An attractor state represents higher-

order patterns of self-organization within state space, from which the system moves 

towards or away from over time (Hiver, 2014). To illustrate, an attractor state could 

refer to the tendency for learners not to participate in class and remain silent (Hiver, 

2014).  

With the growing recognition that CDST approximates the reality of lan-

guage development (Hiver & Al-Hoorie, 2020a), more SLA researchers are adopting 

this framework. However, there are many methodological considerations for conduct-

ing empirical research within a CDST paradigm. Some of these include how to oper-

ationalize the system, how to assess the influence of contextual factors on the system, 

as well as macro- and micro-structure considerations (Hiver & Al-Hoorie, 2016). 

Given the inherent complexities of analyzing dynamic cause-effect relationships be-

tween systems and their components, there has been much discussion about suitable 
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methodologies and suggestions of how to enhance our CDST toolbox (de Bot, 2011; 

Hiver & Al-Hoorie, 2016, 2020a; Hiver et al., 2021).  

Hilpert and Marchand (2018) distinguish between three conceptual perspec-

tives to studying complex systems and their accompanying research designs: time-

intensive, relation-intensive, and time-relation intensive approaches. Firstly, time-in-

tensive approaches “are used to make inferences about system behavior using closely 

spaced observations over time” using longitudinal data (Hilpert & Marchand, 2018, 

p. 192). The second approach, relation-intensive, focuses on identifying the structure 

of the relationships among individuals or variables in a system using cross-sectional 

data. Combining the first two approaches, time-relation intensive approaches “are 

used to make inferences about system behavior using closely spaced, simultaneously 

collected observations of both within-element change and changing between element 

relationships” (Hilpert & Marchand, 2018, p. 192).  

The majority of CDST studies in the field of SLA to date have taken time-

intensive approaches, typically consisting of case studies characterized by dense data 

collection with qualitative and descriptive data analyses (Hiver et al., 2021). For the 

last thirty years, CDST researchers have focused on individual variability and the dy-

namics of processes (van Geert & van Dijk, 2021). This is not surprising, given that 

CDST is essentially a theory of change, concerned with how one state develops into 

another state over time. However, as Hilpert and Marchand (2018) have pointed out, 

complex systems can be studied from multiple perspectives. Besides analyzing change 

over time, identifying the structure of a system is also a key aspect of CDST. Expand-

ing our line of inquiry to include relation-intensive approaches could contribute to the 

development of new dimensions of CDST research, and complement time-intensive 

approaches. While researchers have a diverse selection of methods available for time-

intensive approaches, our methodological toolbox for relation-intensive methods is 

lacking.  

In this paper, we highlight network analysis as a potential methodology to 

model complex systems from a relation-intensive perspective. While network analysis 

can also be used for time- and time-relation intensive approaches, this paper is focused 

on network analysis for relation-intensive approaches only, due to the relative lack of 
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attention that this dimension has received by SLA researchers working within a CDST 

paradigm. More specifically, we concentrate on psychological networks, as opposed 

to social networks. SLA researchers have already explored social network analysis as 

a suitable research methodology for CDST, for example to model relationships be-

tween learners in a classroom and teacher networks as complex systems (Hiver & Al-

Hoorie, 2016; Hiver & Al-Hoorie, 2020a; Mercer, 2014). SLA researchers have not 

yet explored the potential of psychological networks to model psychological con-

structs that influence language learning as complex systems. The network approach 

to psychopathology has been used to reevaluate theories of mental disorders (Bors-

boom, 2017; Borsboom & Cramer, 2013) and constructs such as intelligence and cog-

nitive development from a CDST perspective (Kievit, 2020; van der Maas et al., 2006, 

2017). In this paper we discuss how, similarly to psychology research, individual dif-

ferences in language learning can be modelled as nomological networks, expanding 

our relation-intensive methods to include the study of phenomenological constructs. 

We begin with a brief review of CDST research designs used in the field of SLA to 

date, in relation to the three different conceptual approaches to studying complex sys-

tems as described by Hilpert and Marchand (2018). We then expand discussion on 

relation-intensive approaches, the least researched dimension in CDST. The remain-

der of the paper discusses potential applications of network analysis. In order to fur-

ther aid discussion, we provide two examples of network models that are estimated 

from publicly available data.  

 

2.2 Research designs in CDST 

 

2.2.1 Time-intensive methods  

 

Most CDST research in applied linguistics is time-intensive, with longitudinal data 

collection of a single variable (or multiple variables for a single case/participant) to 

observe micro-level changes in the system over time (Hiver et al., 2021; Hiver & 

Larsen-Freeman, 2020). Time-intensive studies tend to have dense data collection and 
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small sample sizes, with 40 percent of studies including a sample size of 10 partici-

pants or fewer (Hiver et al., 2021, AAAL). A particularly researched area is the de-

velopment of L2 writing over time using measures of complexity, fluency, and accu-

racy (CAF) (Evans & Larsen-Freeman, 2020; Larsen-Freeman, 2006; Lowie et al., 

2017; Lowie & Verspoor, 2019). Some common CDST techniques used in these stud-

ies include assessing the degree of variability in developmental trajectories and plot-

ting longitudinal data on min-max graphs for visual inspection. Several studies have 

used a time-series design based on the view that frequent-enough measurements may 

be able to capture underlying developmental processes (Van Geert & Steenbeek, 

2005). For example, Waninge et al. (2014) micro-mapped the motivational dynamics 

of four students during class time, taking measurements at 5-minute intervals.  

Another popular methodology for observing language development is 

retrodictive modelling (Chan & Zhang, 2021; Evans & Larsen-Freeman, 2020; Nitta 

& Baba, 2018), based on the idea that since what we observe has already changed, 

change can be described retrospectively (Larsen-Freeman & Cameron, 2008). 

Retrodictive methods such as process tracing have been used to study the development 

of language as well as individual differences over time. For example, Papi and Hiver 

(2020) used process tracing of retrospective interviews to examine changes in 6 learn-

ers’ motivational principles and Amerstorfer (2020) used process tracing with a com-

bination of classroom observations and retrodictive interviews to explore 5 learners’ 

strategic L2 development. Some time-intensive CDST studies have also used the ‘idi-

odynamic method’, a mixed-methods approach to studying affective and cognitive 

states (MacIntyre, 2012). These time-intensive approaches have provided insights into 

nonlinear L2 developmental processes and intra-individual variation over time.  

 

2.2.2 Relation-intensive methods 

 

In comparison to the number of studies that have taken a time-intensive approach, far 

fewer CDST studies have taken a relation-intensive approach, which involves explor-

ing the structure of relationships between people or variables within a system with 
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cross-sectional data. As previously mentioned, SLA researchers have noted how so-

cial network analysis is a suitable methodology for CDST, for example to analyze 

relationships between learners in a classroom, teacher networks, or school networks 

(Mercer, 2014). However, this discussion has been mostly theoretical, with very few 

empirical studies using social network analysis from a CDST perspective. For exam-

ple, although some applied linguistics researchers have used social network analysis 

to map the distribution of conversational topics of bilinguals in different contexts (Tiv 

et al., 2020) and to assess the impact of social networks in study abroad contexts 

(Gautier, 2019; Paradowski et al., 2021; Zappa-Hollman & Duff, 2014), these studies 

are not typically informed by CDST.  

While relation-intensive approaches can focus on person-to-person interac-

tions, they can also be used to analyze relations among psychological variables 

(Marchand & Hilpert, 2018). Taking a variable-centered relation-intensive approach 

necessitates researchers to engage with psychological constructs on a phenomenolog-

ical level, and to carefully consider whether their methodology can effectively model 

complex patterns of relationships among variables. Some SLA researchers have dis-

cussed how psychological constructs such as “the self” and L2 motivation can be con-

ceptualized as complex systems (Henry, 2014, 2017; Mercer, 2011a). In one study, 

Mercer (2011a) took a relation-intensive approach to explore how the self construct 

could be conceived of as a complex system. Using qualitative data of a single case 

study, Mercer (2011a) created a three-dimensional network-based model of a stu-

dent’s self-concepts which she felt to be the most ‘phenomenologically-real’ repre-

sentation of the data.  

Besides this, few SLA researchers have attempted to model psychological 

constructs as complex systems. There are a handful of CDST studies that are reminis-

cent of relation-intensive approaches, but which used quantitative methodologies of-

ten deemed ill-suited for CDST. For example, conceptualizing L2 speech as a com-

plex system, Saito et al. (2020) investigated the effects that 30 different internal and 

external individual differences had on the pronunciation of 110 L2 English speakers. 

Due to the large number of variables included in their study, Saito et al. (2020) first 

conducted factor analysis and then did regression analysis with the extracted factor 
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scores on speech ratings. In another study, Li et al. (2020) positioned themselves 

within a CDST framework to explore the relationships between individual difference 

constructs including foreign language classroom anxiety, foreign language enjoy-

ment, self-perceived achievement, and actual English achievement. To analyze data, 

Li et al. (2020) conducted Pearson correlations to assess relationships between varia-

bles, and used multiple regression analysis to assess the combined effect of anxiety 

and enjoyment on language achievement. While these two studies are fine cross-sec-

tional studies in their own right, CDST scholars have argued that methods such as 

zero-order correlations and linear regression oversimplify the complex realities of 

how individual differences influence second language development, and have ques-

tioned the use of cross-sectional datasets in CDST research (Al-Hoorie & Hiver, 2022; 

Hiver, 2014). Overall, very few SLA researchers to date have used relation-intensive 

approaches within a CDST paradigm. There are also seemingly fewer methodologies 

available for SLA researchers to explore relation-intensive approaches, with more 

conceptual discussion than empirical studies.  

 

2.2.3 Time-relation intensive methods 

 

Hilpert and Marchand (2018, p. 192) describe time-relation intensive research designs 

as having “closely spaced, simultaneously collected observations of both within-ele-

ment change and changing between element relationships” (Hilpert & Marchand, p. 

192)”. Only a few SLA studies have analyzed interactions between variables and how 

these interactions change over time. However, these studies cannot be strictly classi-

fied as time-relation intensive approaches, as their data collection consisted of only a 

few time points.  For example, Serafini (2017) conducted longitudinal case studies to 

explore interactions between cognitive and motivational individual differences at var-

ying proficiency levels. Data was collected twice from 87 university students learning 

L2 Spanish, at the beginning and end of an academic semester. Serafini used Pearson 

correlations to analyze associations between individual differences at each time point 

and created scatterplots with regression and Loess lines to visualize relationships be-

tween variables and compare differences across proficiency levels. Results showed 



14  Towards an integrative theory of language aptitude 

 

 
that the relationship between cognitive abilities and motivational constructs varied at 

each time point and across learner proficiency levels, indicating that cognitive and 

motivational subsystems are interdependent. In another study, Piniel and Csizér 

(2015) investigated changes in 21 students’ motivation, anxiety, and self-efficacy at 

six time points throughout an academic writing course. To analyze data, Piniel and 

Csizér used latent growth curve modelling (LGCM) and cluster analysis to group to-

gether learners with similar trajectories. Interactions between variables were also an-

alyzed by comparing Pearson correlations between IDs at each time point. Overall, 

results indicated that language learning experience, ought-to L2 self, and writing anx-

iety showed a significant level of nonlinear change over time. There was also a strong 

interrelationship between motivation and anxiety, whereby more highly motivated 

learners had lower levels of language learning anxiety.   

Pfenninger and colleagues (Kleisch & Pfenninger, 2021; Pfenninger, 2020) 

have also recently explored the use of generalized additive mixed modeling (GAMM) 

for a time-relation intensive approach to SLA microdevelopment. GAMM is a type of 

analysis used for time-series data that can consider non-linear development, iterative 

processes and interdependency between variables (Pfenninger, 2020). Pfenninger 

(2020) used GAMM to analyze the L2 developmental trajectories of four groups of 

children (N = 91) on different content and language integrated learning (CLIL) pro-

grams. The children completed various language tasks four times a year for up to eight 

years. Pfenninger also combined GAMM with qualitative data to help identify what 

contributed to developmental trajectories. Results showed that children had similar 

L2 trajectories regardless of their age of onset, and that L2 growth was determined by 

various different external and internal states across time. In another study, Kliesch and 

Pfenninger (2021) used GAMM to examine the L2 developmental trajectories of 28 

adults (age 64+) on a 7-month beginner’s Spanish course. Data was collected each 

week over 30-32 weeks, which included seven L2 measures, eight cognitive tasks, 

and measures of well-being and motivation. GAMM revealed both linear and nonlin-

ear increases in L2 proficiency over time, with considerable between-subject variabil-
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ity. While only a few CDST studies have used time-relation intensive methods, find-

ings indicate a complex interplay between external and internal learner differences, 

which in turn interact with language development in a nonlinear way over time.  

 

2.2.4 Expanding our research agenda 

 

CDST studies that have incorporated a relation-intensive element to their research 

design are far less common compared to the number of studies that have taken time-

intensive approaches. Despite the fact that “complexity theorists are interested in un-

derstanding the relations [emphasis in original] that connect the components of a com-

plex system” (Hiver & Larsen-Freeman, 2019, p. 287), to date there have been very 

few attempts to empirically model these relations. One potential reason behind this is 

relates to methodological challenges and the view that cross-sectional data, zero-order 

correlations and linear regression are ill-suited to studying complex systems (Al-Hoo-

rie & Hiver, 2022). Another reason relates to the theoretical challenges of conceptu-

alizing abstract psychological constructs as complex systems. A number of individual 

differences constructs in language learning have been conceptualized as complex sys-

tems, such as motivation (Papi & Hiver, 2020), strategy development (Amerstorfer, 

2020), anxiety (Gregersen, 2020), working memory (Jackson, 2020), and willingness 

to communicate (MacIntyre, 2020). In order to examine these constructs from a rela-

tion-intensive perspective, for example to model L2 motivation as a complex system, 

we must consider the components that form the system, and how these components 

align with our measurement instruments. Researchers must also confront ‘the bound-

ary problem’ (Larsen-Freeman, 2017), accepting the theoretical impossibility of 

measuring a complex system in its entirety, whereby “the whole is greater than the 

sum of its parts” (Han, 2019, p. 156). Consideration should also be given to the phe-

nomenological validity of equating conceptual and theoretical concepts as systems, 

and the practical implications this has for a chosen methodology (Hiver & Al-Hoorie, 

2016). Mercer (2011b, p. 59) discusses these issues in relation her network-based 

model of the self-concept, acknowledging the theoretical and empirical difficulty of 

distinguishing the blurred boundaries between different self constructs. Despite the 
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challenges of exploring psychological constructs related to language learning from a 

relation-intensive approach, and the inevitable reductionism this entails, focusing on 

system structures can offer a perspective that is currently missing from CDST research 

in SLA.  

Take the construct of L2 motivation, for example, which has been much dis-

cussed in CDST research (e.g. Dörnyei, 2017, Dörnyei et al., 2015; Henry, 2014, 

2017; Hiver & Papi, 2019; Papi & Hiver, 2020; Hiver & Larsen-Freeman, 2020). Most 

CDST research on L2 motivation has been time-intensive with a focus on observing 

micro-level changes in a small number of variables over time. Very few CDST re-

searchers have explored L2 motivation from a relation-intensive perspective, although 

there has been some theoretical discussion of how to conceptualize the structural re-

lationships between motivational constructs as complex systems (Henry, 2014, 2017). 

The L2 Motivational Self System (L2MSS) is a theoretical paradigm that was devel-

oped by Dörnyei (2005, 2009) that conceptualizes L2 motivation from a self-perspec-

tive. The L2MSS is comprised of three phenomenologically constructed concepts, 

each theorized to be a primary source of motivation to learn an L2: the Ideal L2 Self, 

the Ought-to L2 Self, and L2 Learning Experience (Dörnyei, 2005, 2009). Although 

the L2MSS was not originally conceptualized as a complex system, it has been con-

ceptually extended to a CDST paradigm (Henry, 2014, 2017). For example, Henry 

(2017, p. 551) has described the self-concept as a multifaced dynamic structure, which 

can be understood as “the product of constant interactions between different subsys-

tems (such as, e.g., self-efficacy and self-esteem)” (Henry, 2017, p. 551).  

Taking a relation-intensive approach to L2 motivation could provide insight 

into the structural relationships between components of the L2 motivational system, 

and if this were expanded to a time-relation intensive approach, could potentially iden-

tify attractor states. SLA researchers have speculated about how the L2 self system, 

in particular the Ideal L2 self, can manifest as an attractor state (Henry, 2017; Hiver, 

2014; Waninge, 2014), whereby “changes in the vision of the Ideal L2 Self and 

changes in the distance between it and the actual self, can be conceptualized as 

changes in attractor state geometries” (Henry, 2014, p. 87). Although longitudinal data 

is needed to show system self-organization and the emergence of attractor states, 
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cross-sectional data can provide a perspective that is currently missing from CDST 

research in SLA. As Mercer (2011a) reflects in relation to her network-based model 

of the self-concept:  

Whilst the model out of necessity can only represent a snapshot of 

a fragment of an individual’s self-concept network in a specific context at a 

particular time, the essence of the underlying form can be used to fundamen-

tally understand the structure and nature of self-concept. (p.66) 

 

Taking a relation-intensive CDST approach to the study of individual differ-

ences in SLA can thus be viewed as complimentary of time-intensive approaches. 

Cross-sectional data can provide insight into the structure of relationships between 

system components, which, if combined with what we have learned from time-inten-

sive CDST studies, could enrich our understanding of the complex interplay between 

individual differences and L2 development.  

There is currently little guidance on how to analyze and model interactions 

between system components from a relation-intensive perspective. As previously 

mentioned, CDST researchers have questioned whether methods such as zero-order 

correlations and linear regression are suitable for examining dynamic changes and 

interconnected (Al-Hoorie & Hiver, 2022). Although scholars have emphasized the 

potential of quantitative analyses for CDST research (Al-Hoorie & Hiver, 2022) for 

example to identify network structure or nested phenomena, there appears to be an 

overall reluctance to use cross-sectional data, with most CDST researchers preferring 

longitudinal data. Until now, most studies that have taken a relation-intensive ap-

proach have analyzed relationships between variables by correlations and multiple 

regression analysis (Li et al., 2020; Piniel & Csizér, 2015; Saito et al., 2020; Serafini, 

2017). However, new advancements in statistics software and data analysis techniques 

such as GAMM are enriching the CDST toolbox. Other techniques that have been 

proposed as appropriate methods to study complex systems with a relation-intensive 

element are latent growth curve modelling (LGCM) and multilevel modeling (MLM) 

(Hiver & Al-Hoorie, 2020a; MacIntyre et al., 2017). In order to expand our CDST 
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toolbox of relation-intensive approaches, we could also utilize network analysis, an 

under-explored methodology in SLA research.   

 

2.3 Network analysis 

 

Network analysis has become a popular technique for studying complex systems in 

the field of psychology. Readers should be aware that there are many different types 

of network models; network analysis can be performed on cross-sectional data from 

a relation-intensive perspective (Epskamp & Fried, 2018; Hevey, 2018), and also on 

longitudinal time-series data from a time- or time-relation intensive perspective 

(Bringmann et al., 2013). Although we outline some other variants of network analy-

sis later in the discussion section, it is beyond the scope of this article to describe each 

type of network analysis in detail. We have opted to focus on psychological networks 

with cross-sectional data for relation-intensive approaches, which is an under-ex-

plored dimension of CDST research in applied linguistics.  

As readers may be more familiar with social network analysis, we would also 

like to briefly explain some differences between social networks and psychological 

networks. Social networks show patterns of relationships among individuals or 

groups, whereas psychological networks show patterns of relationships among varia-

bles (at item-level or composite-level). It is important to note that with social net-

works, the relationships between variables are known; social networks are created 

from an adjacency matrix, whereby the relationships between variables are directly 

observed (O’Malley & Onnela, 2019). In contrast, with psychological networks, rela-

tionships between variables are not known but are estimated. Psychological networks 

are estimated from a variance-covariance matrix, based on the strength of partial cor-

relations between variables (Epskamp & Fried, 2018).   

Psychological network analysis has been used to model constructs such as 

intelligence (van der Maas et al., 2006; 2017) cognitive development (Kievit, 2020), 

and mental disorders (Borsboom, 2013) from a CDST perspective, and has also been 

applied to clinical research on psychological disorders such as depression and eating 

disorders (Elliott et al., 2020; Lutz et al., 2018). In network models, variables (also 
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referred to as components) are represented as circles called nodes. In psychological 

networks, nodes represent elements of a construct or an entire construct, such as atti-

tudes or symptoms of a mental disorder. Lines between nodes are called edges, which 

represent the direct association between a pair of nodes. The strength of association 

between nodes is called the edge weight; the thicker the edge, the stronger the associ-

ation. Edges in psychological networks are typically undirected, which reflect the hy-

pothesized multicausal relationships between system components. Positive relation-

ships are typically denoted using blue edges, while red edges are used to indicate neg-

ative relationships. The layout of the network model can be selected by the researcher. 

Psychological networks are often plotted (by default) using the Fruchterman-Reingold 

algorithm (Fruchterman & Reingold, 1991), which places nodes with stronger con-

nections closer together, and nodes with weaker connections further apart. Besides 

visual inspection, network models can be analyzed on several different levels, depend-

ing on what the research questions are. For example, researchers typically analyze the 

network density if the overall interest is the network structure, or focus on particular 

nodes and edges (Burger et al., 2023).  

The most common models used to estimate psychological networks are pair-

wise Markov random field (PMRF) models. Within PRMF models, Gaussian graph-

ical models (GGM) are used with continuous multivariate data to estimate partial cor-

relations between variables (Epskamp, 2014). Partial correlation networks are undi-

rected graphs, estimated by analyzing the strength of correlations between variables 

after controlling for the effect of other measured variables in the network (Hevey, 

2018). As such, a psychological network can be viewed as a “nomological net, which 

functions as a specification of the phenomenological concepts or theoretical con-

structs of interest in a study, their observable manifestations, and the linkages between 

them” (Hiver & Al-Hoorie, 2016, p. 747). Psychological networks created using 

cross-sectional data can therefore be viewed as a snapshot of the system at a given 

time.  
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2.4 Network analysis and CDST 

 

Network analysis has some advantages over other relation-intensive methods used in 

CDST research. One advantage is that network analysis is more conceptually aligned 

with CDST compared to factor-based statistical techniques that are rooted in latent 

variable theory (Fried, 2020). Originally developed by Spearman (1904), factor mod-

els function under the theoretical assumption that a latent construct, such as intelli-

gence or personality, can be measured through observable indicators (e.g. behavioral 

tests or questionnaire items). This means that there is a hypothesized unidirectional 

relationship from the latent construct to the observable indicator, whereby answers to 

questionnaire items or tests are thought to ‘reflect’ the latent construct (Edwards & 

Bagozzi, 2000). In contrast, from a network perspective, psychological constructs 

“exist as systems where components mutually influence each other without the need 

to call on latent variables” (Guyon et al., 2017, p. 2). Statistically, factor models and 

psychological networks are closely related, as both analyze the covariance between 

observed variables. The difference between each approach is their competing causal 

explanations (Fried, 2020). As van Bork et al. (2019, p. 1) explain, “whereas latent 

variable approaches introduce unobserved common causes to explain the relations 

among observed variables, network approaches posit direct causal relations between 

observed variables”.  

These two competing causal explanations are reflected in the choice of sta-

tistical model selected by the researcher. For example, factor-based techniques such 

as SEM or LGCM generate directed graphs, with edges from the latent construct to 

the observed indicators and/or between latent constructs, which are determined by the 

researcher a priori. Psychological network analysis is a more data-driven approach, 

and produces an undirected graph with edges estimated between all nodes, better re-

flecting key CDST concepts such as multicausality and interconnectedness. This has 

already been noted in the field of psychology, where researchers working from a 

CDST perspective are using network analysis as an exploratory tool to better visualize 

the complex patterns of relations between variables of interest (Hilpert & Marchand, 

2018; Sachisthal et al., 2019; van der Maas et al., 2017).  
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In this paper, we explore how network analysis could be used to model psy-

chological constructs that influence language learning from a relation-intensive per-

spective. We provide two examples of psychological networks created using the da-

tasets of existing studies that are publicly available online in support of Open Science 

practices. As the nested nature of educational phenomena can be analyzed at multiple 

levels (Marchand & Hilpert, 2018), our network models illustrate two different levels 

of analysis; with nodes at item level and composite level. The first example is a net-

work model of L2 motivation made using the dataset from Hiver and Al-Hoorie’s 

(2020b) study on the role of vision in L2 motivation. This example explores how an 

individual difference construct such as L2 motivation can be modelled as a complex 

system, by analyzing relationships between the L2MSS at the item-level. The second 

example is a network model of individual differences in native language ultimate at-

tainment, made using the dataset from Dąbrowska’s (2018) study. The second exam-

ple takes a wider relation-intensive perspective by analyzing interactions between 

multiple individual difference constructs at the composite level. Note that the authors 

of the original studies (Dąbrowska, 2018; Hiver & Al-Hoorie, 2020b) did not position 

their research within a CDST paradigm, and our reanalysis of their data is not a cri-

tique on their work.  

We performed all statistical analyses using the open-source software ‘R’ (R 

Core Team, 2021) and the R-packages ‘qgraph’ (Epskamp et al., 2012) and ‘bootnet’ 

(Epskamp et al., 2018) in particular. The R code that we used to create these two 

examples is available on our OSF page (https://osf.io/hjcvz/overview). This article is 

not intended to serve as a tutorial in network analysis (for tutorials, we refer readers 

to Burger et al., (2023), Epskamp, Borsboom and Fried (2018) and Hevey (2018)). 

Rather, our overall aim is to raise awareness of this methodology and illustrate how it 

can be applied to model psychological constructs related to language learning from a 

relation-intensive CDST perspective. Within each example, we evaluate (1) the extent 

to which a network analysis of the datasets supports the same conclusions as the orig-

inal authors and (2) whether network analysis can offer any additional insights to the 

original analyses.  
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2.5 Example 1 

 

The first example was made using the dataset from Hiver and Al-Hoorie’s (2020b) 

study Reexamining the role of vision in second language motivation: a preregistered 

conceptual replication of You, Dörnyei, and Csizér (2016). Both Hiver and Al-Hoorie 

(2020b) and You et al. (2016) used SEM to explore interrelationships between com-

ponents of the L2 Motivational Self System (L2MSS). The L2MSS is a theoretical 

paradigm that was developed by Dörnyei (2005, 2009) based on Possible Selves The-

ory (Markus & Nurius, 1986). The L2MSS is comprised of three components, each 

theorized to be a primary source of motivation to learn an L2: the Ideal L2 Self, the 

Ought-to L2 Self, and L2 Learning Experience. The ideal L2 self refers to learners’ 

internal desires and wishes to learn the L2, while the ought-to L2 self refers to 

learner’s perceived external duties and social pressures to learn the L2 (Dörnyei & 

Chan, 2013). L2 experience concerns learners’ attitudes towards learning, based on 

their experience of the learning process and environment. In addition to these three 

components, vision and imagery are also considered key aspects of the L2MSS, 

whereby motivation is viewed as “a function of the language learners” vision of their 

desired future language selves (Dörnyei & Chan, 2013, p. 437). Vision can be consid-

ered as a combination of imagery capacity and ideal selves and is typically measured 

by visual and auditory learning style preferences, and vividness of imagery capacity 

(You et al., 2016). A number of studies have used SEM to explore the interrelation-

ships between these motivational constructs and the extent to which the L2MSS can 

predict language learning or intended effort (Dörnyei & Chan, 2013; Hiver & Al-

Hoorie, 2020b; You et al., 2016). However, as You et al. (2016, p. 97) have pointed 

out, “because the L2 Motivational Self System was originally proposed as a frame-

work with no directional links among the three components, past empirical studies 

employing SEM have not been uniform in specifying these interrelationships” (p. 97, 

You et al., 2016). For example, whereas some studies have presented a directed path-

way from the ideal L2 self to L2 learning experience, other studies have reversed this 

relationship (for further details see You et al., 2016).  
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Hiver and Al-Hoorie (2020b) conducted a conceptual replication and exten-

sion of You et al. (2016) to evaluate the role of vision in L2 motivation and to assess 

whether intended effort is an outcome or a predictor of motivation. They justified 

these aims in part due to the fact that You et al. did not test equivalent or competing 

models, which could be considered a form of confirmation bias. Hiver and Al-Hoorie 

also stressed the need for more robust research designs, and further replication of re-

search on language motivation. Hiver and Al-Hoorie (2020b) collected data from 

1297 L2 learners of English in secondary schools in South Korea. In addition to the 

same 10 scales of motivation and vision used by You et al., Hiver and Al-Hoorie also 

included two measures of L2 proficiency, midterm grades and final exam grades, 

which were analyzed as one variable called L2 achievement. In order to determine the 

number of underlying factors, they submitted the dataset to Mokken scaling analysis, 

confirmatory factor analysis, exploratory factor analysis, scree plot, optimal coordi-

nates, and parallel analysis (Hiver & Al-Hoorie, 2020b, p. 73). These analyses resulted 

in only four factors: visual style, ideal L2 self, ought-to L2 self, and intended effort. 

With these four factors and the measures of L2 achievement, Hiver and Al-Hoorie 

used SEM to test two competing causal models of vision and L2 motivation, where 

intended effort was either an antecedent or an outcome of motivation. Contrary to You 

et al. (2016), Hiver and Al-Hoorie hypothesized intended effort to be an antecedent 

of the ideal L2 self and the ought-to L2 self. In both competing models, vision (visual 

style) was considered a predictor of motivation, which was the same as You et al. 

(2016). Results showed that the model with intended effort as a predictor of motiva-

tion showed a better overall fit. Although this was contrary to You et al.’s model, 

Hiver and Al-Hoorie note that as their dataset and analyses differed greatly from the 

initial study, their model cannot be used to contradict You et al.’s model, and call for 

further replication of research on the L2MSS.   

In both studies (Hiver & Al-Hoorie, 2020b; You et al., 2016), the authors 

were interested in the relationships between the L2MSS, vision, and intended effort. 

By using SEM, they operationalized motivational constructs as latent variables, de-

picting hypothesized causal relationships between latent constructs with unidirec-
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tional arrows. However, in both studies, the authors note potential issues and limita-

tions of using SEM to model interactions between motivational constructs. One issue 

relates to the theorized dynamic nature of the L2MSS and the multicausal relation-

ships between motivational constructs. Possible Selves Theory was originally pro-

posed to have dynamic qualities, whereby current and ideal selves are shaped by mul-

tiple ongoing processes (Henry, 2014; Markus & Nurius, 1986). For example, Hiver 

and Al-Hoorie speculate that once an L2 learner puts in the effort and engages in the 

L2 learning process, “there will be a dynamic interaction between motivation (…) and 

task demands, leading to continuous recalibration of that motivational construct” 

(2020b, p. 86). One might question the extent to which SEM can effectively model 

these dynamic interactions, as SEM operationalizes motivational constructs as latent 

variables with a unidirectional causal relationship. In fact, both studies’ authors 

acknowledge that a further limitation of SEM is that it requires the researcher to spec-

ify the direction of the relationship between latent constructs. SEM can only test the 

theoretical model that is selected by the researcher, although equivalent or alternative 

models may likely exist. This issue was illustrated by Hiver and Al-Hoorie’s (2020b) 

two competing SEM models. As discussed earlier, there has already been discussion 

of how the L2MSS could be conceptualized as a complex system (Henry, 2014; 2017) 

and manifest as an attractor state (Henry, 2017; Hiver, 2014; Waninge, 2014). From 

a CDST perspective, causal relationships between motivational constructs are not uni-

directional, but reciprocal. In order to further investigate the relationship between mo-

tivation and intended effort, Hiver and Al-Hoorie (2020b) have encouraged research-

ers to consider using nonrecursive models where causality is reciprocal. In this first 

example, we illustrate how network analysis can be used to model the L2MSS as a 

complex system, with hypothesized reciprocal causation between motivational con-

structs with nodes at item-level.  
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2.5.1 Network estimation and visualization  

 

Figure 2.1 is a GGM of the L2MSS that we made with the dataset from Hiver and Al-

Hoorie’s (2020b) study. In support of open science practices, they made their dataset 

and analyses publicly available through the Open Science Framework (OSF) website. 

To allow for ease of comparison, we included the same variables in our network anal-

ysis as Hiver and Al-Hoorie’s SEM analyses, with the exception of visual style 2, 

which we explain in a later section. The network model in Figure 2.1 has nodes at 

item-level, in order to better explore the interrelatedness of these motivational con-

structs, and the questionnaire items used to measure them. Table 2.1 contains infor-

mation about which items correspond to each node.   

We chose GGM model selection (ggmModSelect function implemented in 

the bootnet R-package; Epskamp et al., 2018) as estimation method because of the 

large size of the dataset. Model search works by setting edges to zero and using a 

stepwise algorithm to continuously estimate the model until the optimal model is iden-

tified (Epskamp, 2014). This technique uses Bayesian information criterion (BIC) ob-

tained through estimating the maximum likelihood of sparsity. In their original anal-

yses, Hiver and Al-Hoorie (2020b) tested for normality and found that their data were 

not multivariate normal both in skewness and kurtosis. For this reason, the network 

was estimated using Spearman correlations (Epskamp, 2014).  

After estimating the model, we evaluated the stability of the network struc-

ture in terms of edge-weight accuracy using bootstrapping (see Epskamp et al., 2018 

for an in-depth explanation of bootstrapping in psychological networks). We used 

5000 samples of the non-parametric bootstrap to assess the variability of the edge-

weights. This step should always be performed (Epskamp et al., 2018) as any inter-

pretation of the network becomes limited if the network is unstable (Burger et al., 

2023). The results show a good overlap between the estimated model and the boot-

strapped edge-weights, indicating that the network of Figure 2.1 is stable. The results 

of the non-parametric bootstrap can be viewed in the online supplementary materials.  
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Figure 2.1. A network model of the L2MSS and L2 achievement  

 

Note: In this network model of the L2MSS, there are 4 motivational constructs: the ideal L2 

self, the ought-to L2 self, intended effort, and visual style. Each construct is measured by 4 five 

or six questionnaire items, provided in Table 2.1. There are also two composite measures of L2 

proficiency: L2_T1 (students’ mid-term grades) and L2_T2 (students’ final grades).  
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Table 2.1. Legend of node labels 

Node labels Items 
L2 achievement  

L2_T1  Mid-term grades 

L2_T2  End of term grades 
Ideal L2 self  

IS1 I can imagine myself speaking English in the future with for-

eign friends at parties 

IS2 I can imagine myself in the future giving an English speech suc-

cessfully to the public 

IS3 I can imagine a situation where I am doing business in foreign-

ers by speaking English 

IS4 I can imagine myself speaking English in the future having a 

discussion with foreign friends in English 

IS5 I can imagine that in the future in a café, a foreign friend and I 

will be chatting in English over a cup of coffee 
Ought-to L2 self  

OS1 Studying English is important to me in order to gain the ap-

proval of my teachers 

OS2 Studying English is important to me in order to gain the ap-

proval of my peers 

OS3 Studying English is important to me in order to gain the ap-

proval of the society  

OS4 I study English because my close friends think it is important 

OS5 I consider learning English important because the people I re-

spect think that I should do it 

OS6 My parents/family believe that I must study English to be an ed-

ucated person 
Visual style  

VS1 I use color coding (e.g., highlighter pen) to help me as I learn 

VS2 Charts, diagrams, and maps help me understand what someone 

says 

VS3 When listening in class, I imagine pictures, numbers, or words 

VS4 I highlight the text in different colors when I study English 

VS5 I learn better by reading what the teacher writes on the board 
Intended effort  

IE1 I am prepared to expend a lot of effort in learning English 

IE2 I find learning English really interesting 

IE3 I would like to concentrate on studying English more than any 

other topic 

IE4 Even if I failed in English learning, I would still learn English 

very hard 

IE5 English would still be important to me in the future even if I 

failed in my English course 
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To assess the stability of the centrality coefficients, we again used bootstrapping. We 

used the case-dropping bootstrap, specifically developed to this aim (Epskamp et al., 

2018). The case-dropping bootstrap assesses the stability of the order of centrality in 

subsets of the data, i.e., after systematically dropping an increasing percentage of par-

ticipants from the dataset. The centrality stability for “strength” centrality was esti-

mated on a sample of 5000 bootstraps, which resulted in a correlation stability coeffi-

cient (CS-coefficient) of 0.52 for the “strength” centrality. This is above the 0.5 (CS-

coefficient) recommendation (Epskamp et al., 2018), which is why we conclude that 

the stability of node centrality in this network model is good. The results are presented 

in the supplementary materials. 

Based on the centrality indices (see Figure 2.2), ought-to L2 self 2 is the most 

central component in the network model in Figure 2.1 in terms of node strength, fol-

lowed by intended effort 5. The questionnaire items that correspond to these compo-

nents are ‘Studying English is important to me to gain the approval of my peers’ and 

‘English would be still important to me in the future even if I failed in my English 

course’. This suggests that peer approval and perceived future importance of English 

play important roles in L2 motivation, as they are the strongest direct relationships 

with other motivational constructs in the system.  

In addition to node strength, we also computed node centrality indices based 

on closeness and betweenness. The closeness index “indicates a short average distance 

of a specific node to all other nodes” (Hevey, 2018, p. 311). In the network model, the 

nodes with the highest closeness are the five intended effort nodes. This is an inter-

esting find and indicates that intended effort may have an integral role in L2 motiva-

tion. Although the role of central components is not yet fully understood, it is thought 

that central nodes with high closeness are the most likely to both effect changes and 

be affected by changes in the system (Hevey, 2018). The third measure of centrality, 

betweenness, refers to how well one node connects other nodes together; nodes with 

high betweenness lie on the shortest path between pairs of nodes. As shown in Figure 

2.2, the node with the highest betweenness is intended effort 5, followed by ought-to 

L2 self 5 and ideal L2 self 1.  
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Figure 2.2. Centrality plots for the L2MSS network 

 

Note: Centrality plots for the network model of the L2MSS. Centrality measures are shown as 

standardized z-scores. The raw centrality indices can be found in the online supplementary ma-

terials.  

 

 

2.5.2 Interpreting the network model 

 

Both You et al. (2016) and Hiver and Al-Hoorie (2020b) used SEM to evaluate the 

relationships between the L2MSS, vision, and intended effort. The network model 

contains four motivational constructs (ideal L2 self, ought-to L2 self, intended effort, 

visual style) and the two measures of L2 achievement (midterm grades and final exam 

grades). We can see the wider interconnectedness of components in the system, with 

multiple interactions across different motivational constructs.  
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One of the first things we notice when looking at this network model is that, 

although the motivational constructs are interrelated, there are only a few weak edges 

between any of the motivational constructs and the two measures of L2 proficiency. 

For example, final grades have a weak partial correlation with ideal self 1 (0.10) and 

midterm grades have a weak negative partial correlation with ought-to self 4 (-0.09). 

The network analysis results are consistent with Hiver and Al-Hoorie’s (2020b) study, 

where the ideal L2 self was only a weak predictor of L2 achievement (accounting for 

less than 1% of the variance), and the ought-to L2 self had almost no predictive value.  

 

2.5.3 Visual style 

 

The visual style scale consists of five questionnaire items. As can be seen in Figure 

2.1, although each of the five measures of visual style are grouped together, the nodes 

are not as closely grouped together compared to nodes measuring other constructs. In 

Hiver and Al-Hoorie’s SEM analyses, they excluded visual style 2 in order to improve 

convergent validity, and also note that this scale had the lowest reliability in You et 

al.’s (2016) study. Removing items is typical with latent variable approaches, where 

researchers drop variables that do not load onto factors or if there are cross-loadings 

(Fried, 2020). With network analysis however, Fried (2020, p. 21) has pointed out that 

“items that load onto two factors simultaneously make for the potentially most inter-

esting items, because they may build causal bridges between two communities of 

items”. Because of this, we decided to include visual style 2 in the network analysis. 

The network model shows that visual style 2 is linked to three other nodes measuring 

visual style, and also has a weak partial correlation with one measure of L2 achieve-

ment, on measure of the ideal L2 self, and one measure of intended effort. While vis-

ual style 2 was left out of the SEM analyses, results of the network analysis tentatively 

suggest that this questionnaire item may function as a bridge node between other mo-

tivational constructs. In both You et al. (2016) and Hiver and Al-Hoorie’s (2020b) 

SEM analyses, they treated visual style as a predictor of the ideal L2 self and the 

ought-to L2 self. The network model is an undirected graph, so our analyses cannot 
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provide additional insights into whether visual style is a predictor or outcome of mo-

tivation. What the network analysis does provide, is a more complex pattern of rela-

tionships between visual style and other system components than the original anal-

yses. The nodes that measure visual style are partially correlated with components 

from all other motivational constructs in the network, as well as one measure of lan-

guage achievement.  

 

2.5.4 Intended effort 

 

Besides the role of vision, You et al. and Hiver and Al-Hoorie were also interested in 

the direction of the relationship between intended effort and the L2MSS. Hiver and 

Al-Hoorie’s analyses of two competing SEM models showed that intended effort was 

a better predictor of the ideal L2 self and ought-to L2 self than an outcome. Previous 

research has provided empirical evidence for reciprocal causal relationships between 

motivation and academic achievement (Vu et al., 2021). The network model shows 

that components of intended effort are related to components of all other subsystems, 

as well as L2 achievement, indicating a complex pattern of relationships. The results 

of the centrality indices highlight the overall importance of intended effort in L2 mo-

tivation, as the five intended effort variables have the highest closeness index in the 

network. Overall, intended effort 5 emerges as the most central component of the net-

work. This item refers to the statement “English would be still important to me in the 

future even if I failed in my English course”. Intended effort 5 also has the highest 

centrality in terms of betweenness, and the second highest in terms of closeness and 

strength. The question surrounding the role of central components will be further dis-

cussed later in this paper.  

 

2.6 Example 2 

 

The second example illustrates how network analysis can be used to explore the rela-

tionships between multiple individual differences using the dataset from Dąbrowska’s 
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(2018) study Experience, aptitude and individual differences in native language ulti-

mate attainment. The dataset is publicly available online via the IRIS Database. The 

network model made from Dąbrowska’s (2018) dataset presents a different level of 

analysis from the previous example. In contrast to the network model in example 1, 

where each node represents a single questionnaire item, each node in the network 

model in Figure 2.3 represents a distinct variable measured by aggregated task scores. 

In the original study, Dąbrowska tested the assumption that adult native speakers tend 

to converge on the same grammar. She addressed this question by considering two 

opposing approaches to language acquisition: the usage-based perspective and the 

modular perspective. From a usage-based perspective, language abilities are thought 

to emerge out of interactions between general cognitive mechanisms and exposure to 

linguistic input (Ellis & Wulff, 2008). From this perspective, “causal mechanisms in-

teract iteratively to produce what appears to be structure” (Bybee & Beckner, 2009, 

p. 23). A usage-based approach is thus aligned with CDST, where linguistic 

knowledge emerges as a network of interrelated and interacting components. In con-

trast, from a modular perspective, language abilities are thought to stem from an innate 

universal grammar, whereby different types of language knowledge rely on autono-

mous modules within the mind (Hua Tan & Shoiamanesh, 2019).  

Dąbrowska (2018) discusses the plausibility of these two theories in connec-

tion with analyses of a dataset of 90 native English speakers’ performance on different 

linguistic and non-linguistic tasks. She first analyzed the amount of individual varia-

tion on 6 tasks that measured grammatical comprehension, receptive vocabulary, col-

locations, non-verbal IQ, language analytic ability, and print exposure. Full details 

regarding which tests were used to measure each construct can be found in the original 

study. Dąbrowska then conducted Pearson correlations to explore interactions be-

tween the 6 aforementioned tasks as well as education (measured by number of years 

spent in education). This revealed several significant correlations between the 

measures of language knowledge as well as between other variables. In order to de-

termine potential causes of individual differences in linguistic knowledge, Dąbrowska 

then conducted regression analyses with the four predictor variables (non-verbal IQ, 

language analytic ability, print exposure, and education) on each of the three measures 
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of language knowledge. Overall, results showed that non-verbal IQ was strongly re-

lated to grammar and vocabulary, but not to collocations. Language analytic ability 

was also significantly related to grammar and vocabulary, as well as several other 

variables. Print exposure contributed more to vocabulary and collocations than to 

grammar, and education only weakly predicted each measure of language knowledge. 

Based on the significant correlations between the three measures of language 

knowledge and the fact that the same nonlinguistic variables predicted different areas 

of language knowledge, Dąbrowska concluded that these findings support a usage-

based approach.   

 

2.6.1 Network estimation and visualization 

 

Figure 2.3 is a GGM of partial correlations that includes the same seven variables 

used in Dąbrowska’s analyses. The network model was estimated using the ‘least ab-

solute shrinkage and selection operator’ (LASSO), which is considered an appropriate 

estimation method for smaller datasets (Epskamp et al., 2018; Hevey, 2018). The 

LASSO technique results in a sparser network, using only a relatively small number 

of edges to explain the covariance in structure (Epskamp et al, 2018). This makes the 

estimated model more interpretable and accurate, as very small edges are removed 

from the estimated network (Epskamp et al., 2018; Hevey, 2018). The LASSO applies 

a regularization technique which is controlled by a tuning parameter. The tuning pa-

rameter was selected by minimizing the Extended Bayesian Information Criterion 

(EBIC), for which we used the default setting of 0.5.  

To assess network stability, we used a non-parametric bootstrap of 5000 sam-

ples. Bootstrapping results can be found in the supplementary materials. The boot-

straps show wide 95% confidence intervals, meaning that the estimated network struc-

ture is not very stable and the found links should be interpreted with care. As such, 

our discussion and interpretation of this network model is tentative, and a larger sam-

ple size is needed to draw any strong conclusions. We did not compute centrality in-

dices for this dataset because the aim of this network analysis was to explore overall 
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patterns of relationships between variables, and also given the small number of vari-

ables in this model.  

 

 

 

 

Figure 2.3. A network model of individual differences in native language ultimate 

attainment  

 

Note: The nodes in this network are composite scores representing 3 measures of language 

proficiency and 4 individual differences. Edu, level of education; IQ, nonverbal IQ; LAA, lan-

guage analytic ability; Pr_Ex, print exposure; Vocab, receptive vocabulary size; Col, colloca-

tions knowledge; Gram, grammatical comprehension.  
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2.6.2 Interpreting the network model 

 

The network model in Figure 2.3 illustrates a system of interdependent relationships 

between linguistic and non-linguistic variables. Each node in the network model in 

Figure 2.3 represents a composite variable. For example, the node ‘collocations’ con-

sists of 40 multiple choice items on the Words that Go Together test, and the node 

‘print exposure’ consists of 130 items on the Author Recognition Test. From a CDST 

perspective, the network model in Figure 2.3 provides a visualization of how different 

aspects of language knowledge are related to both internal resources (non-verbal IQ 

and language analytic ability) and external resources (print exposure and education). 

When comparing to the results of the regression analyses in the original study, the 

network model reflects the same overall patterns of relationships between individual 

differences in language knowledge. For example, non-verbal IQ is more strongly as-

sociated with grammar and vocabulary than with collocations, and print exposure is 

more strongly associated with vocabulary and collocations than with grammar. The 

fact that both analyses reveal the same overall patterns is not surprising, because par-

tial correlations and multiple regression coefficients both estimate of the strength of 

relationships between variables while controlling for the effects of other measured 

variables (Hevey, 2018). The key difference is that regression analysis imposes uni-

directional causal relationships between specific variables selected by the researcher, 

whereas with network analysis there are no assumptions regarding the direction of the 

relationships.  

There are some subtle differences between the results of the network analyses 

and Dąbrowska’s analyses. For instance, whereas Dąbrowska found that language an-

alytic ability was significantly related to both grammar and vocabulary, the network 

analysis shows that language analytic ability is only very weakly associated with vo-

cabulary. In the network model, the relationship between language analytic ability and 

vocabulary knowledge appears to be altered by print exposure and non-verbal IQ. 

Similarly, while Dąbrowska’s analyses showed that education weakly predicted each 

measure of language knowledge, the network analysis shows that the relationship be-

tween education and language knowledge becomes weaker after controlling for the 
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effects of print exposure, non-verbal IQ, and language analytic ability. It is also inter-

esting to note that in the network model, the negative relationship between print ex-

posure and non-verbal IQ becomes stronger after controlling for other variables An-

other minor difference is that network analysis revealed a negative relationship be-

tween non-verbal IQ and print exposure whereas in Dąbrowska’s analyses this rela-

tionship was positive. The reason for this difference is that Dąbrowska transformed 

the raw IQ scores into percentages, while we opted to conduct analyses with the raw 

IQ scores. To confirm this, we conducted Pearson correlations between print exposure 

and both the raw and transformed IQ scores which showed that print exposure had a 

weak negative correlation with raw IQ scores (r(88) = -.03, p = .719) and a weak 

positive correlation with transformed IQ scores (r(88) = .08, p = .440). However as 

these are very small differences, they cannot be interpreted as meaningful. These 

slight differences revealed by the network analysis could be due to the fact that we 

included all seven variables in the network analysis, whereas Dąbrowska conducted 

three separate regression analyses for each measure of language knowledge. By taking 

a more holistic approach including all variables within the same analysis, additional 

patterns of relationships were revealed. This then raises the question of how many 

variables should be included when working from a CDST perspective. In order to 

explore this idea, we expanded on the original study by adding the variable ‘age’ to 

the network model.  

 

2.6.3 Adding age to the network model 

 

Participants’ ages were contained within the original dataset that is available online, 

but Dąbrowska did not include this variable in her analyses. It seemed particularly 

interesting to include this variable since Dąbrowska used the dataset to evaluate the 

usage-based approach and the modular approach to language acquisition. Age is an 

indirect measure of language experience. With first language development, it is logi-

cal to assume that the older a person is, the more exposure to linguistic input they 

have. Thus, from a usage-based perspective, we might hypothesize age to be signifi-

cantly related to a number of other variables, including measures of language 
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knowledge. The 90 participants in Dąbrowska’s study varied greatly in age, with a 

range of 17 to 65 and a mean age of 38. The network model in Figure 2.4 is a GGM 

of partial correlations between eight variables (the seven variables from the original 

analyses plus age). The model was made following the same procedures described for 

the network model in Figure 2.3. Similarly to the model without age, the bootstraps 

show wide 95% confidence intervals, meaning that the estimated network structure is 

also not very stable and the found links should be interpreted with care. 

The network model in Figure 2.4 shows that age is partially correlated with 

all other variables. Out of the three measures of language knowledge (grammar, vo-

cabulary and collocations), age is most strongly linked to vocabulary (0.35), which is 

the strongest positive edge in the network1. This is in line with previous studies which 

have shown that vocabulary is typically the only aspect of language knowledge that 

does not tend to decline with age (Reifegerste, 2021). As could be expected, age is 

also related to print exposure. Age has a negative association with non-verbal IQ and 

language analytic ability, which is consistent with previous research on cognitive de-

cline and aging (Reifegerste, 2021). There is also a negative relationship between age 

and education, which is logical considering that the percentage of university attend-

ance has increased over the years. Overall, the considerable effect that age has on the 

system provides tentative support for the usage-based approach. Using network anal-

ysis, we can visualize individual differences in language abilities as a complex system. 

While we cannot draw conclusions about emergent processes from cross-sectional 

data, based on this network model, we could speculate that vocabulary knowledge 

emerges out of interactions between cognitive abilities (non-verbal IQ) and other lan-

guage experience (print exposure) throughout the lifespan (age).  

 

 

 

 
1 We conducted the bootstrapped difference test to check whether the edges in the network 

significantly differ from each other, in the supplementary materials. The edge Age-Vocabu-

lary is significantly stronger than the edge Age-Grammar, but not from the edge Age-Colloca-

tions knowledge. This means that the difference between these edges has to be interpreted 

with care.  
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Figure 2.4. A network model of individual differences in language knowledge, in-

cluding age.  

 

Note: Edu, level of education; IQ, nonverbal IQ; LAA, language analytic ability; Pr_Ex, print 

exposure; Vocab, receptive vocabulary size; Col, collocations knowledge; Gram, grammatical 

comprehension; Age, age in years.  

 

 

In addition, controlling for age alters the partial correlations between other 

nodes. For example in the model that includes age, vocabulary knowledge has a weak 

positive relationship with grammar (0.11) and language analytic ability (0.12), 

whereas in the model without age, these relationships are weaker (0.06 and 0.05). This 

indicates that age is a moderating variable. When controlling for age, the edge weight 
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between grammar and language analytic ability is stronger (more positive), because 

age has negative partial correlations with grammar and language analytic ability. In a 

similar way, age also moderates the relationship between IQ and print exposure; these 

variables have an edge weight of -0.43 without age, and -0.26 when age is added to 

the model. In this case, the edge weight between IQ and print exposure is weaker (less 

positive) when controlling for age, because age has negative partial correlations with 

IQ and print exposure.  

Although the network models estimated in example 2 are not stable, and a 

larger sample size is necessary to draw any firm conclusions, our examples serve to 

illustrate how network analysis can be used to model multiple individual differences 

in language learning from a CDST perspective. The network analyses support the 

same conclusions as the original study (Dąbrowska, 2018), but rather than analyzing 

unidirectional relationships between individual difference constructs, the undirected 

network models in example two depict hypothesized multicausal relationships be-

tween variables. By estimating partial correlations between all variables, network 

analyses also reveal a more complex network of relationships between variables than 

the original study’s regression analyses, offering additional insights into the data.  

 

2.7 Discussion 

 

We have provided two examples of how network analysis can be used to model com-

plex systems from a relation-intensive perspective. These examples serve to illustrate 

how a network approach can offer new insights into which components form a system 

and the nature of the relationships between components. Network analysis is concep-

tually aligned with CDST, enabling us to model hypothesized multicausal relation-

ships between variables. We have shown how network analysis of cross-sectional data 

can be used to model individual difference constructs as complex systems, viewing 

the network as a snapshot of (part of) a system in time. We illustrated this in example 

1 with nodes at item-level, to analyze motivational constructs on a micro-level, and in 

example 2 with nodes at composite level, to analyze the relationships between indi-

vidual differences and language knowledge on a more macro level. In both examples, 
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network analysis complements the original analyses by providing a more intricate pat-

tern of relationships between system components, and deeper understanding into the 

variables of interest.  

Besides the examples of psychological network analysis in this article, there 

are other applications of network analysis that could also be beneficial to SLA re-

searchers, such as the network comparison test and dynamic network analysis. It is 

also important to acknowledge that psychological network analysis is still a relatively 

new statistical technique, and there are some unanswered questions regarding how 

certain aspects of CDST fit with network analysis, for example regarding the question 

of how many variables to include and the role of central components. In the following 

section, we discuss some of these questions and highlight additional applications of 

network analysis that could be applied to SLA research.  

 

2.7.1 The network comparison test 

 

The network comparison test is an application of network analysis that can be used to 

compare group differences. The network comparison test statistically compares the 

networks of two (or more) groups, such as in terms of node centrality and global 

strength (van Borkulo, 2019). Networks can also be compared visually, which is typ-

ically done by constraining the layout of the two models for ease of visual comparison. 

Blanco et al. (2020) used a network comparison test to compare the effects of two 

different interventions on treating depression. One group of patients (n = 45) received 

a 10-week Positive Psychology Intervention (PPI) while another group (n = 48) re-

ceived a 10-week Cognitive-Behavioral Therapy (CBT) program. Both groups com-

pleted clinical assessments of depression symptoms before and after the intervention 

treatments. Blanco et al. (2020) used this data to create two network models to com-

pare before and after treatment. Results of the network comparison test showed that 

only the PPI group showed significant changes in several edge weights and global 

strength after intervention. In SLA research, the network comparison test could be 

used to statistically compare the networks of learners at different proficiency levels, 

at different time points, or across learning conditions. Both You et al. (2016) and 
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Hiver and Al-Hoorie (2020b) conducted additional analyses to compare the roles of 

vision and intended effort across male and female L2 learners. This comparison could 

be also done using a network comparison test. As such, the network comparison test 

could strengthen CDST inspired research by providing a means for hypothesis testing 

and generalizations. Comparing networks across groups could also help to ascertain 

the phenomenological validity of conceptualizing abstract psychological phenomena 

as complex systems. In addition, the network comparison test could provide insight 

into how to influence systems’ behavior, as illustrated by Blanco et al. (2020), and 

could a useful tool for SLA researchers considering complex interventions (Hiver et 

al., 2021).  

 

2.7.2 Temporal network analysis 

 

In examples 1 and 2, we took a relation-intensive CDST approach by estimating 

GGMs of cross-sectional data. The GGM can also be used with time-intensive and 

time-relation intensive research designs, for single subjects and group data respec-

tively. Dynamic network analysis requires intensive repeated measurements of varia-

bles, such as with a time-series or panel design, typically obtained through Experience 

Sampling Method (ESM), whereby participants provide self-reports at regular inter-

vals during the day (Bringmann et al., 2013). With single-subject data, auto regressive 

(AR) modelling can model time dynamics within an individual by regressing one var-

iable on a previous measurement of the same variable (called a lagged variable). The 

vector auto regressive (VAR) model is the multivariate extension of the AR model, 

where “a variable is regressed on all the lagged variables in the dynamic system” (van 

Bork et al., 2018, p. 18). The VAR model has two extensions: graphical VAR and 

multilevel VAR. For single-subject data, graphical VAR can be used to create both 

temporal and contemporaneous networks using the GGM (Epskamp, Waldorp, Mot-

tus & Borsboom, 2018). Temporal networks have directed edges and show how the 

state of variables at one time point influence the state of variables at the next time 

point. A contemporaneous network model shows how variables predict each other at 

the same measurement occasion, after accounting for temporal effects (Epskamp, 
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Waldorp et al., 2018), similarly to GAMMs and LCGMs. Multilevel VAR modelling 

can be used to model both within-group and between-group variance over time 

(Bringmann et al., 2013). For example, Bringmann et al. (2013) combined VAR and 

multilevel VAR to follow 129 participants’ changes in depressive symptoms during a 

treatment intervention, modelling time dynamics at the individual and group level.  

In the field of clinical psychology, researchers are exploring how dynamic 

network modelling could provide insight into how people develop disorders over time, 

with the aim of using this knowledge to target group and/or individual treatment in-

terventions (Bringmann et al., 2013; David et al., 2018; van Bork et al., 2018). Dy-

namic network analysis could also prove to be a useful methodology for CDST re-

searchers in applied linguistics, and a few SLA studies have used ESM. For example, 

Waninge et al. (2014) micro-mapped the motivational dynamics of four learners dur-

ing their language lessons. They took measurements at 5-minute intervals throughout 

lessons, resulting in ten observations per class. Similarly, Khajavy et al. (2021) used 

ESM to examine the dynamic relationships between willingness to communicate 

(WTC), anxiety, and enjoyment of 38 students throughout six language lessons. Stu-

dents indicated their level of WTC, anxiety, and enjoyment on a scale of one to ten at 

five-minute intervals, resulting in ten observations per class. Gregersen et al. (2020) 

also used ESM to explore the dynamics of language teacher wellbeing, where teachers 

used an app to respond to a short survey ten times a day for seven days. Although 

smartphone technology has the potential to use ESM more easily than in the past 

(Arndt, Granfeldt, & Gullberg, 2021; Gregersen et al., 2020), it is still extremely chal-

lenging in most applied linguistics research settings to obtain a large enough number 

of observations to conduct a dynamic network analysis. For example, in the study by 

Bringmann et al. (2013), participants recorded depressive symptoms 10 times a day 

for 12 days, which resulted in a total of 120 observations per participant.  

 

 

 

2.7.3 Nonlinearity 
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GGMs and VAR models are estimated based on assumptions of multivariate normal-

ity which assume linear relationships between variables (Epskamp, Waldorp et al., 

2018). As such, these models may not present a fully accurate view of the data if the 

relationships between variables are nonlinear. For cross-sectional data, the Ising 

model is a nonlinear model used for binary variables (Finnemann et al., 2021), but 

nonlinear models for continuous variables have not yet been developed. For longitu-

dinal data, while VAR models fit linear effects, new types of network analysis have 

been developed that can also capture nonlinear relationships between variables (Has-

lbeck et al., 2021). The findings from several CDST studies with a time element have 

shown that language development, and its relationship with individual differences, is 

nonlinear (Fogal, 2022; Pfenninger, 2020; Piniel & Czisér, 2015). This is why some 

CDST research designs that include a time element are using techniques such as 

GAMM instead of LGCM, as GAMM can handle nonlinearity (Pfenninger, 2020). 

Researchers in the field of network psychometrics have recently combined the VAR 

model with a Generalized Additive Model (GAM) framework, to estimate time-vary-

ing VAR models (Haslbeck et al., 2021). The field of network psychometrics is de-

veloping rapidly and is likely to produce other useful techniques in the future that 

could further enrich our methodological toolbox.  

 

2.7.4 Latent network analysis.  

 

In the first example of the L2MSS, we compared Hiver and Al-Hoorie’s (2020b) SEM 

with our network analysis. For the past 100 years, psychological constructs have been 

studied using latent variable approaches, which assume that observed variables corre-

late because they reflect the same underlying construct (van Bork et al., 2019). Net-

work analysis has been put forward as an alternative to latent variable approaches. 

From a network perspective, correlations between observed variables may reflect mu-

tual interaction between psychological processes (van der Maas et al, 2006). Although 

these two approaches have different competing causal explanations for the covariance 

between observed variables, both create models for variance-covariance matrices and 
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are thus statistically equivalent (van Bork et al., 2019; van der Maas et al., 2006). 

Because of this statistical equivalence, researchers have explored the idea that com-

bining these two approaches could be complementary, resulting in latent network 

analysis (Golino & Epskamp, 2017; Guyon et al., 2017). Conceptually, a combined 

approach assumes that manifestations of psychological attributes have a common 

cause (latent variables) and that these latent variables interact (as a complex system) 

(Guyon et al., 2017). For example, Epskamp et al. (2017) have used latent network 

modeling to explore the structure of interdependent relationships between latent vari-

ables. An advantage of latent network analysis is that due to the incorporation of fac-

tor-based statistical techniques, it is possible to test model fit against data, which is a 

limitation of psychological network analysis (Epskamp et al., 2017; van der Maas et 

al., 2017). It can also be considered a useful way of exploring latent variables within 

a dataset, because clusters in the network can tell us about the factor structures present, 

without having to impose the direction of the relationship like SEM (Golino & 

Epskamp, 2017). Latent network analysis can be used with cross-sectional data as 

well as time-series and panel data.  

 

2.7.5 The role of central components 

 

In example 1, we computed centrality indices for the network model of the L2MSS, 

which showed that the intended effort nodes have the highest centrality. Researchers 

from different fields have questioned whether central components have predictive 

ability and can be used to target interventions. The role of central components has so 

far provided insights into the dynamic processes of genetic networks, cortical net-

works, and ecosystems (for a detailed description see Rodrigues, 2019). In the field 

of clinical psychology, findings from few studies indicate that central components 

could be used to target treatment interventions and make predictions about diagnoses. 

For example, in clinical research on eating disorders, central components have been 

predictive of treatment dropout (Lutz et al., 2018) and treatment outcomes (Elliott et 

al., 2020). The idea behind using central nodes to target interventions is that these 

nodes are more likely to have bigger effects (either directly or indirectly) on the rest 
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of the system compared to targeting a less central node (Rouquette et al., 2018). Nodes 

with high closeness in particular are more likely to be affected by changes in other 

components of the system, and are also more likely to trigger change.  

From the first network model example in Figure 2.1, intended effort had the 

highest node centrality in terms of closeness, suggesting that intended effort plays a 

key role in triggering the dynamic processes involved in L2 motivation. This fits with 

Hiver and Al-Hoorie’s (2020b, p. 86) idea that putting in the effort to learn a language 

results in dynamic interaction between motivational constructs and task demands.  

However, readers should note that the use of centrality indices in psycholog-

ical networks is much debated (Bringmann et al., 2019; Epskamp et al., 2018). Cen-

trality indices stem from social network analysis, whereby the relationship between 

components/nodes is known; the connections between nodes are observable. In com-

parison, in psychological networks the relationship between nodes is not directly ob-

served, but is estimated, based on the strength of partial correlations between our 

measurements of psychological constructs. Bringmann and colleagues (Bringmann et 

al., 2019) have advised researchers to interpret centrality measures with care, espe-

cially betweenness and closeness centrality, as they are difficult to interpret and are 

often unstable.  

 

2.7.6 The number of variables to include 

 

Complex systems are characterized by dynamic interaction between multiple internal 

and external subsystems (de Bot et al., 2007; Larsen-Freeman & Cameron, 2008). 

However, given the theoretical and practical impossibilities of analyzing the complete 

interconnected of a whole system, CDST researchers have to find a balance between 

over-simplification and under-simplification. Larsen-Freeman et al. (2001) have 

pointed out that a main methodological concern for CDST researchers is drawing 

boundaries and defining what we conceptualize to be a “functional whole”. Yet, when 

conducting network analysis, Hevey (2018, p. 307) has reasoned that it is “critically 

important to measure such potential confounding variables to ensure that their effects 

are controlled for”. The network model of Dąbrowska’s (2018) dataset in example 2 
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that includes age illustrates Hevey’s reasoning, as age moderates the relationships be-

tween other system components. It is highly likely that there are also other confound-

ing variables that have been omitted from the model, such as socioeconomic status, 

L2 knowledge and experience, gender, and other cognitive abilities. As with other 

types of modelling, adding further variables to the network model could have both 

predictable and unpredictable effects on the rest of the system. Yet from a CDST per-

spective, it is theoretically impossible to measure every component of a system. What 

network analysis can do, is capture at least part of a system. Thus, while we 

acknowledge the potential of a network approach to SLA and individual differences, 

it is important to be mindful of its limitations.  

 

2.7.7 Generalizability 

 

Generalizability is another debated topic in CDST research. Several researchers have 

pointed out the lack of generalizability of CDST studies and the lack of practical im-

plications that CDST can currently offer to the field of applied linguistics (Han, 2021; 

Hiver et al., 2021; Palloti, 2021). Generalizability is a complex topic and is related to 

the distinction between idiographic and nomothetic methodological approaches. Idi-

ographic approaches focus on the individual level with within-subject designs, ana-

lyzing intra-individual differences (Hamaker, 2012). Idiographic approaches use lon-

gitudinal data and process-focused analyses. In contrast, nomothetic approaches focus 

on the group level with between-subject designs, analyzing inter-individual differ-

ences (Hamaker, 2012). Nomothetic approaches use cross-sectional data and product-

focused analyses.  

The majority of CDST studies to date have used idiographic approaches 

(Hiver et al., 2021) since it is difficult to generalize from cross-sectional models to 

individual dynamics. This concept is known as the ergodicity problem: the idea that 

group statistics cannot be generalized to the individual and vice-versa (Lowie & 

Verspoor, 2019). As Molenaar (2004, p. 225) has pointed out, “only under very strict 

conditions – which are hardly obtained in real psychological processes – can a gener-
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alization be made from a structure of interindividual variation to the analogous struc-

ture of intraindividual variation”. However, this does not mean that idiographic and 

nomothetic approaches are in competition (Salvatore & Valsiner, 2010). In fact they 

can be viewed as complementary, or two sides of the same coin (Grice, 2004). When 

discussing the idiographic-nomothetic debate in relation to research on personality, 

Grice (2004) argued that:  

Establishing the uniqueness of some person’s developmental his-

tory, attitudes, thoughts, behaviors etc., would require the negation of nomo-

thetic principles. Conversely, establishing the validity of a nomothetic prin-

ciple that holds for all people would require the study of individual persons, 

not simply aggregates of persons. A true study of personality is therefore nec-

essarily idiographic and nomothetic. (p. 205).  

 

Lowie and Verspoor (2019) have illustrated this point in relation to SLA, by 

investigating the role of motivation and aptitude in both a group study and in 22 lon-

gitudinal case studies. Their analyses showed that while learners showed different 

intra-individual learning trajectories over time, there were overall similarities between 

learners in terms of motivation and aptitude.  

While some have argued that the idiographic approach undermines general-

ization (Palloti, 2021; Spencer & Schönen, 2003), others have argued that idiography 

is a way to pursue generalized knowledge (Salvatore & Valsiner, 2010). As Salvatore 

and Valsiner (2010) have claimed, idiography is “the pursuit of nomothetic 

knowledge through the singularity of the psychological and social phenomena” [em-

phasis in original] (p. 820). It is also important to note that nomothetic refers to what 

can be generalized across a sample population (e.g., from aggregated cross-sectional 

data), not what can be taken as a general law across all populations (Hamaker, 2012). 

Hence, as with any other cross-sectional data analysis, results of network analysis can 

only tell us about the population from which the data was sampled, and cannot be 

taken as a general law across all populations or all individuals.  
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That said, a network approach offers a structural perspective that is currently 

missing from CDST research in the field of SLA, and enables us to expand our re-

search agenda beyond idiographic approaches, time-intensive approaches (Hiver et 

al., 2021). Taking steps towards generalizable findings, network analysis provides a 

means to quantitatively analyze the relationships between multiple variables, and as-

sess the relative importance of each variable within the system. Compared to other 

statistical techniques such as SEM, an advantage of network analysis is that it does 

not require a priori assumptions about unidirectional causal relations, but instead it 

allows for (hypothesized) bidirectional interactions between variables. As previously 

mentioned, other applications of network analysis such as the network comparison 

test make it possible for SLA researchers to test hypotheses and assess the extent to 

which systems can be generalized across different learner populations. Although net-

work analysis is still relatively new, some researchers in clinical psychology have set 

out to examine its methodological validity and to determine the most appropriate met-

rics for assessing similarities between samples (Borsboom et al., 2017; Funkhouser et 

al., 2020). Researchers have also begun to assess the extent to which network analytic 

tools can inform the design of intervention studies. For example, Henry et al. (2022) 

have developed a procedure to assess the efficacy of an intervention using simulated 

examples, at both the individual and group level.  

 

2.8 Conclusion 

 

In this paper we provided a brief overview of research methods used by SLA research-

ers working within a CDST paradigm. We put forward network analysis as a way to 

model complex systems from a relation-intensive perspective, and provided two ex-

amples of how to apply network analysis to two different datasets. In the first example 

we estimated a network model of L2 motivation, which provided a more fine-tuned 

picture of the potential relationships between motivational constructs compared to the 

original SEM analyses. In the second example we created a network model of indi-

vidual differences in native language knowledge, showing how network analysis can 
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model the interconnectedness of individual difference constructs and different aspects 

of language knowledge.  

While CDST researchers have made considerable advances in describing lan-

guage development and changes in individual differences over time, the potential of 

relation-intensive approaches has not yet been explored. Through our two examples 

of network models, we hope to have illustrated that cross-sectional data does have a 

place in CDST research, and that network analysis is a useful technique to add to the 

CDST toolbox.      

 

 
 
 
 



 
 

 
 
  



 
 

Chapter 3  

 

Unraveling the dynamics of language learning: Insights from 

temporal network analysis* 

 

 

 

Abstract 

In this chapter, we use temporal network analysis to model longitudinal associations 

among six variables. We present three different networks to illustrate the threefold 

framework that temporal network analysis offers for analyzing time-series data 

(Blanchard et al. 2023): a temporal network (how variables predict one another from 

one timepoint to the next), a contemporaneous network (how variables are related 

within the same timeframe), and a between-subjects network (how variables are re-

lated across individuals). Conceptually, a network approach has many affordances for 

CDST-inspired research. Temporal network analysis is an exploratory, data-driven 

method that is conceptually aligned with many aspects of CDST. Methodologically 

however, temporal network analysis presents several challenges, including the large 

number of data points needed, assumptions of linearity, and considerations for han-

dling missing data.  

 
 

3.1 Introduction 

 

Complex Dynamic Systems Theory (CDST) is a framework for studying the complex 

and dynamic nature of second language (L2) development. CDST-inspired research 

takes a process-oriented approach, conceptualizing interactions between internal and 

external learner components as time-dependent systems (van Dijk et al. 2024). For 

example, the development of a language system is dependent on learner-internal pro-

cesses such as motivation, personality, and aptitude, and how these interact with 

learner-external processes such as the classroom environment and exposure to L2 

 

 
* This chapter is a slightly modified version of a book chapter from an edited collection: 

Freeborn, L. & Siepe, B. S. (2025). Unraveling the dynamics of language learning: Insights 

from temporal network analysis. In W. Lowie, Rosmawati, & V. De Wilde (Eds.) Research 

methods in complex dynamic systems theory approaches to second language development.  
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(Verspoor & Lowie, 2021). This conceptualization means that complex systems are 

inherently dynamic, whereby interactions among system components change over 

time. System change is also dependent on past states of the system, which is why 

CDST-inspired research places importance on sensitivity to initial conditions (van 

Dijk et al. 2024). Another important aspect of CDST is the concept of an attractor 

state, which refers to the state that a system tends to settle into, due to self-organizing 

dynamics (Beccia, 2023). The study of system change and self-organizing dynamics 

necessitates intensive longitudinal data. It also requires a form of analysis that enables 

us to disambiguate interindividual differences that occur over longer periods of time 

from intraindividual differences that occur over shorter periods of time (Jordan et al. 

2020). One method that could provide greater insight into these processes is temporal 

network analysis.  

In this chapter, we highlight temporal network analysis as method for visu-

alizing temporal associations between variables for CDST-inspired research. While 

networks can be estimated from both cross-sectional and longitudinal data, the poten-

tial of network analysis with longitudinal data has not yet been investigated in L2 

research. As such, this method is exploratory and could be used to provide new insight 

and generate initial hypotheses about longitudinal associations among ID variables 

and L2 learning. We begin with a brief overview of network approaches and how they 

relate to CDST. We then focus on temporal network analysis and describe the three 

different networks that can be estimated from intensive longitudinal data using the 

mlVAR package (Epskamp et al. 2019) in R (R Core Team, 2022). We provide an 

empirical example of these three networks with time-series data to explore interac-

tions among psychological variables throughout an eight-month language course. 

Lastly, we reflect on the affordance and challenges of using temporal network analysis 

in CDST-inspired L2 research.  

 

3.2 Network analysis 

 

Network analysis encompasses a range of emerging methods for modelling multivar-
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iate psychological processes (Bringmann et al. 2016). With a network approach, indi-

vidual difference variables such as motivation and anxiety are modelled as nodes in a 

network, where edges between nodes represent pairwise conditional associations be-

tween variables. This method does not require researchers to specify a priori the di-

rection of associations between variables as the relationships between nodes are esti-

mated simultaneously for each pair of variables. As such network analysis is consid-

ered an exploratory, data-driven approach to data analysis and visualization (Bors-

boom et al. 2021; Epskamp et al. 2018).  

While network analyses are closely related to factor analyses, they reflect 

different underlying theories (Epskamp et al. 2018; Jordan et al. 2020). Typical factor-

based approaches work under the assumption that variables correlate because they 

measure the same underlying construct (i.e., a latent variable). In contrast, network 

approaches hypothesize direct causal relationships between variables, whereby it is 

the network of relationships between variables that constitutes the psychological con-

struct (van Bork et al. 2019; Guyon et al. 2017). With a network approach, “psycho-

logical variables are understood to directly affect each other rather than being caused 

by an unobserved latent entity” (Epskamp & Fried, 2018, p.1). Because of this, it has 

been argued that network approaches are more conceptually aligned with CDST than 

factor-based approaches, which are rooted in latent variable theory (Fried, 2020; van 

der Maas et al. 2006). The importance of multiple causality in CDST has also been 

noted by Thelen and Smith (1994), who highlight the need to move away from mon-

ocausality in order to explain developmental processes. In the field of psychology, for 

example, van der Maas and colleagues have taken a network approach to model the 

construct of general intelligence as an alternative explanation for the positive manifold 

(van der Maas et al., 2006). Van der Maas et al. (2006) put forward the idea that cog-

nitive tasks in intelligence tests correlate positively because these abilities are inter-

dependent and mutually causal, as opposed to being explained by a common latent 

factor. In clinical psychology, Borsboom (2017) has put forward a network theory of 

mental disorders, where symptoms of psychopathology are conceptualized as a caus-

ally connected system, rather than explained by a common cause.  
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Complex systems can be studied from different perspectives, at different lev-

els of analysis. With cross-sectional data, network analysis offers a relation-intensive 

perspective to studying complex systems; to describe the interactions between varia-

bles in a system, and the system’s self-organized structure (Hilpert & Marchand, 

2018). One of the most commonly used network models with cross-sectional data is 

the Gaussian Graphical Model (GGM) for continuous data, which estimates partial 

correlations between variables. Partial correlation networks estimated from cross-sec-

tional data, such as the GGM, are undirected. Undirected edges represent potential 

bidirectional interactions between variables, which can be indicative of potential 

causal pathways (Borsboom et al. 2021, Epskamp et al. 2018). The potential of net-

work analysis for CDST-inspired L2 research has already been highlighted in relation 

to cross-sectional data (Freeborn et al. 2023). For example, Freeborn et al. (2023) 

illustrated this method by estimating a GGM of L2 motivation and a GGM of individ-

ual difference variables in native language ultimate attainment. Several other recent 

studies have also used the GGM with cross-sectional data from a relation-intensive 

perspective. Zalbidea et al. (2023) for instance used network analysis to explore psy-

chological variables that are associated with adults’ heritage language learning moti-

vation. In another study, Udry and Berthele (2025) used network analysis to compare 

the academic self-concepts of two groups of primary school children learning both L2 

French and English.   

With longitudinal data, network analysis offers a time-relation-intensive per-

spective to studying complex systems; to describe both within- and between-subject 

change and how variables reciprocally influence each other over time (Hilpert & 

Marchand, 2018). Temporal networks show how variables predict one another over 

time, providing a visualization of temporal interactions between variables (Blanchard 

et al. 2023). Temporal networks can be estimated for a single subject and at group-

level. At the group-level, by separating within- and between-subject effects, three dif-

ferent networks can be estimated (Bringmann et al. 2022). Each of the three networks 

offers a different perspective to understanding the relationships among variables over 

time. Network analysis of longitudinal data could provide a more detailed understand-
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ing of temporal processes related to language development, and more hypothesis for-

mation about how linguistic systems emerge over time. While the potential of network 

analysis with longitudinal data has not yet been explored in L2 research, this method 

could help answer questions in CDST-inspired research about self-organization, at-

tractor states, and how system change is related to past states of the system. In educa-

tional psychology, for example, network analysis has been used to gain insight into 

the temporal dynamics of self-regulated learning behaviors (Li et al. 2020), and the 

relationships between basic needs, well-being, and motivation over time (Schade et 

al. 2021).  

 

3.3 Temporal network analysis 

 

Networks can be estimated from longitudinal data including panel data and time-se-

ries data collected via experience sampling method (ESM)2 (see Borsboom et al. 

2021). Most temporal network analyses of psychological variables use the vector au-

toregressive (VAR) model, which relates each variable’s current value to the values 

of itself and all other variables at the previous timepoint (Bringmann et al. 2022). 

VAR-based networks can be estimated from intensive longitudinal data (time-series 

and ESM) for single subjects and at group-level. At the individual level, personalized 

networks can be estimated using the graphical VAR package (Epskamp, 2017) in R 

(R Core Team, 2022). In clinical psychology for example, personalized networks are 

being used to discover potential person-specific pathways into developing depression 

and social anxiety disorders (Bringmann et al. 2021; Piccirillo & Rodebaugh, 2022). 

By focusing on the complex causal interplay among cognitive, affective, and behav-

 

 
2 Panel data typically have fewer time points (e.g., 4-6), collected over longer time intervals 

(e.g., months, semesters, years), see Shirvan and Taherian (2018) for example. Time-series 

data are more intensive, with more time points (e.g., 30) collected over shorter time intervals 

(e.g., days, weeks), see Kliesch and Pfenninger (2021) for example. With experience sam-

pling method (ESM), data is collected frequently at short time intervals, such as five times a 

day for two weeks (see Arndt et al., 2022, for example).  
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ioral constructs, personal networks may be used to inform clinical practice and treat-

ment interventions (Bringmann et al. 2021; Piccirillo & Rodebaugh, 2022). If applied 

to L2 data, this method could be used to model time-dependent interactions between 

aspects of language development and L2 use, which could potentially inform individ-

ualized feedback and teaching.  

At the group level, the multilevel VAR (mlVAR) package (Epskamp et al. 

2019) in R provides a threefold framework for visualizing temporal relationships be-

tween variables (Blanchard et al. 2023). With mlVAR models, variables are within-

person centered to separate within- and between-subject effects (Bringmann et al. 

2022). This means that with group-level data, we can model intra-individual dynamics 

as well as inter-individual differences (Borsboom et al. 2021). With one dataset, the 

mlVAR package can estimate three different networks: a temporal network, a con-

temporaneous network, and between-subjects network (Epskamp et al. (2019). These 

three networks are seen as complementary of one another, as they each offer a differ-

ent perspective to the relationships among variables over time (Bringmann et al. 2022; 

Jordan et al. 2020).  

Temporal networks show which variables predict other variables at the next 

timepoint, modelling changes in variables within individuals over time (Bringmann et 

al. 2022). Temporal networks are estimated by regressing each variable (including 

itself) on all other variables at the previous measurement occasion (Epskamp et al. 

2018). Temporal networks are directed, where edges between nodes show regressions 

on the previous time point (Borsboom et al. 2021). VAR-based networks can also 

contain self-loops, as each variable is regressed on all other variables including itself. 

Self-loops show whether a variable predicts itself from one time point to the next 

(Bringmann et al. 2022). The temporally ordered nature of time-series and ESM data 

meets the assumption of Granger causality whereby the cause precedes the effect 

(Epskamp et al. 2018). Thus, temporal networks may provide insight into temporal 

prediction, as edges can be indicative of potential causal relationships between nodes 

(Jordan et al. 2020). In language learning research, this method could be used to iden-

tify temporal patterns within groups of learners. For example, temporal network anal-

ysis could enable us to see whether increases (or decreases) in L2 motivation predict 
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subsequent decreases (or increases) in anxiety. From a theoretical perspective, tem-

poral networks may be used to model how systems emerge from causal interactions 

between system components. This method may be suitable to answer key questions in 

CDST-inspired research regarding temporal relations between variables and mecha-

nisms of system change (Hiver & Al-Hoorie, 2016).  

Contemporaneous networks show how variables are related within the same 

timeframe, while controlling for temporal relationships. As with the temporal net-

work, the contemporaneous network is also estimated intra-individually (within-sub-

jects). Contemporaneous networks are undirected; edges represent partial correlations 

between nodes after controlling for both temporal effects and all other variables in the 

same measurement occasion (Epskamp et al. 2018). Because contemporaneous net-

works are estimated from the residuals of the VAR model, we can model associations 

between variables that cannot be explained by temporal effects (Epskamp et al. 2018). 

In this way, contemporaneous networks are theorized to capture processes that occur 

faster than the measured time intervals (Blanchard et al. 2023). For example, with 

weekly measurements of L2 use and L2 development, temporal networks can model 

predictive effects a week later, but it is likely that relationships among L2 use and L2 

development occur at faster intervals than a week (Epskamp et al. 2018). Thus, con-

temporaneous networks are thought to reflect more momentary changes, such as how 

levels of L2 motivation and anxiety are related within a week, as opposed to over 

longer timescales.   

Between networks show the relationships between the mean levels of varia-

bles, aggregated over time and subjects. Akin to GGMs for cross-sectional data, be-

tween-subject networks show how variables are related on average, with undirected 

edges representing partial correlation coefficients (Epskamp et al. 2018). In contrast 

to contemporaneous networks, between networks do not separate within- and be-

tween-person effects, and contain a mixture of both temporal and contemporaneous 

effects (Epskamp et al. 2018). The between network is thought to reflect more trait-

like tendencies and stable characteristics between individuals.  

To fully explore the potential of this method, all three networks are estimated. 

The temporal, contemporaneous, and between networks are seen as complementary 
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of one another; together they offer a more detailed understanding time-dependent in-

teractions among system components. For CDST-inspired research, this threefold 

framework affords greater insight into language development, disentangling intra-in-

dividual temporal processes from inter-individual differences. In particular, the tem-

poral and contemporaneous networks are considered to highlight meaningful relation-

ships and patterns among variables and can be used to generate causal hypotheses 

(Epskamp et al. 2018). Jordan et al. (2020) emphasize the importance of considering 

both contemporaneous and temporal effects in time-series data to help understand how 

momentary system changes (contemporaneous effects) relate to changes over longer 

time periods (temporal effects).  

 

3.4 The empirical study  

 

In order to illustrate temporal network analysis and assess the affordances of this 

method for CDST-inspired research, we provide an empirical example with time-se-

ries data. To fully explore the potential of the mlVAR package, we estimated all three 

networks (temporal, contemporaneous, and between). The data is from a longitudinal 

study following the progress of one class of Indonesian students enrolled on an inten-

sive Dutch language course. The study focused on six variables: motivation, anxiety, 

enjoyment, self-efficacy, self-regulation, and agentic engagement. Following a time-

series design, students completed a weekly survey of the six variables throughout the 

Dutch course (32 weeks).  

The role of these six psychological variables in L2 learning is well-re-

searched. For example, meta-analyses of cross-sectional studies indicate that learners 

tend to make greater language gains if they have low classroom anxiety (Teimouri et 

al., 2019), high self-efficacy (Goetze & Driver, 2022) and high enjoyment (Botes et 

al. 2022a). Psychological variables such as motivation and anxiety are also closely 

related and interdependent. For example, higher levels of anxiety tend to correlate 

with lower levels of enjoyment (Botes et al. 2022a) and lower self-efficacy (Zhou et 

al. 2023a). With the dynamic turn in SLA and increase in CDST-inspired research, 

there has been a surge in the number of longitudinal studies that analyze changes in 
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psychological variables over time. To illustrate, motivation has been measured at one-

second intervals during a classroom task (MacIntyre & Serroul, 2015), 5-minute in-

tervals during a language class (Waninge et al. 2014), two-week intervals over a se-

mester (Shirvan & Taherian, 2018), and two-month intervals over a year (Yu et al., 

2022). With longitudinal studies such as these, the dynamic nature of constructs such 

as motivation, anxiety and enjoyment, is now widely accepted (Nagle, 2023).  

However, several gaps remain in the literature. Firstly, we still have limited 

insight into how the relationships between variables change throughout the process of 

language development. Most longitudinal studies have focused on only one or two 

variables; few studies to date have explored the dynamic interplay between multiple 

psychological variables over time. Modelling dynamic interactions when dealing with 

repeated measurements over time also poses unique methodological challenges. 

While there have been recent methodological advancements, such as with Bayesian 

generalized additive modelling and dynamic structural equation modelling (see Lima 

Junior & Kickhöfel Alves, 2025; Shirvan & Taherian 2025), there are still relatively 

few options for analyzing longitudinal, multivariate data. Thus, our goal is to evaluate 

temporal network analysis as a method for analyzing multivariate temporal relation-

ships. We aim to contribute to our understanding of psychological processes during 

language learning. Our research questions, which are positioned within the threefold 

framework that temporal network analysis offers, were the following:  

 

1. How do the six variables predict one another over time?  

2. How are the six variables related within the same time frame? 

3. How are the six variables related across learners? 

 

3.4.1 Method 

 

3.4.1.1 Participants  

 

Participants were 25 Indonesian students (22 females) taking an intensive Dutch lan-

guage course at beginner level. The Dutch course was taught online, with students 



60   Towards an integrative theory of language aptitude  
 

 
living in Indonesia. The Dutch course was provided as part of a scholarship program 

for students to do a BA degree in nursing in the Netherlands; upon successful com-

pletion of the language course, students moved to the Netherlands to begin their de-

gree. Participants’ ages ranged from 21 to 32, with an average of 24.88 years (SD = 

2.66). The first language (L1) of all students was Bahasa Indonesian and all students 

also had approximately A2-B1 proficiency in English3. Students did not report know-

ing other languages above a basic level. Five students had previously lived and 

worked in Singapore for 2-6 years, while the others had not previously spent time 

outside of Indonesia.  

 

3.4.1.2 Procedure  

 

The Dutch language course ran from January to August 2023. Participants were in-

vited to join the study in the first week of the course, and gave informed consent and 

completed a language background questionnaire via Qualtrics. For the duration of the 

Dutch course (32 weeks) students received an email reminder each Friday with a link 

to complete the weekly survey. The weekly survey consisted of six questions (one 

item per variable) and a short written reflection on their language learning progress 

(diary entry). As students’ English proficiency level had previously been assessed by 

the language school, the weekly survey was conducted in English. The weekly survey 

took approximately five minutes for participants to complete, with the questions for 

the six items taking less than one minute. Participants were given an online gift 

voucher at the end of the study to thank them for their time.  

 

3.4.1.3 Pre-processing of data  

 

Although 25 participants participated in the study, not all could be included in the 

 

 
3 Students’ English proficiency level was assessed by the language school before the start of 

the Dutch course, via a reading comprehension test and oral interview, as part of the recruit-

ment process for their scholarship program.   
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analyses. With time-series analysis and multilevel VAR modelling, it is recommended 

to have at least 20 timepoints per participant (Blanchard et al. 2023; Lunansky et al. 

2023). Given the small sample size of this study, we opted to retain participants in the 

analyses who had at least 16 measurements (an arbitrary and pragmatic choice), to 

have a large enough sample size to estimate the networks. This meant that we ex-

cluded two participants due to missing data. In addition, three participants gave the 

same response for one variable throughout the 32 weeks. As it is not possible to esti-

mate network models if a variable does not have any variance, these three participants 

were also excluded from analyses. This resulted in a final sample size of 20 partici-

pants who completed an average of 30.2 measurements (SD = 2.50). For the remaining 

20 participants, we use the default settings of mlVAR to perform listwise deletion for 

any missing values. This sample size, both on the level of individuals and the number 

of time points per individual is below what is typically recommended for temporal 

network analysis (Blanchard et al. 2023). We therefore emphasize that all analyses 

below serve illustrative purposes and should be interpreted with considerable caution. 

We will additionally perform some stability analyses to quantify the uncertainty of 

our estimates.  

 

3.4.1.4 Materials 

 

As mentioned above, the study focused on six variables: motivation, anxiety, enjoy-

ment, self-efficacy, self-regulation, and agentic engagement. As is typical with inten-

sive longitudinal methodologies (Beymer et al. 2022), we used single items to assess 

each variable. In intensive longitudinal research, the use of single items is less time-

consuming for participants and may reduce drop-out rate. Following Gogol et al. 

(2014), we designed single items that best represented each psychological construct 

in terms of content validity, shown in Table 3.1. The six items were developed by the 

first author together with the students’ teacher, and were measured on a six-point Lik-

ert scale, ranging from 1 (“strongly disagree”) to 6 (“strongly agree”).  
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Table 3.1. The six items used in the weekly survey to measure each of the six varia-

bles. 

 

ID construct Item 

Enjoyment I have enjoyed learning Dutch this week 

Anxiety I have felt anxious during my Dutch classes this week 

Motivation I have been motivated to learn Dutch this week 

Self-efficacy This week, I felt that I am a good student and will do well in 

this Dutch course 

Self-regulation This week, I think I had an effective approach to learning 

Agentic engage-

ment 

This week in class, I told the teacher if something was not 

clear for me 

 

3.5 Analyses 

 

We performed all statistical analyses using R Statistical Software (R Core Team, 

2022), with the packages mlVAR (Epskamp et al. 2019) and qgraph (Epskamp et al. 

2012). We estimate the three networks available within the mlVAR package (temporal, 

contemporaneous, and between). Our full analyses are available in online supplemen-

tary materials (https://osf.io/3pwnq/).   

 

3.5.1 Distributions of variables 

 

Before using statistical models, it is often useful to plot the distributions of raw data. 

In Figure 3.1, we show bar charts with the response frequencies for the six items, for 

all data points. For all items, response option 5 (“agree”) was the most commonly 

chosen one. Many time series methods, including the one we use in this paper, assume 

(multivariate) normality of responses. Given the ordinal nature of our scales and the 

raw distributions, this assumption may likely be violated. There are several different 

ways to transform non-normal data. However, data can be non-normal for many dif-

ferent reasons, and little is known about how non-normal data (and the transformation 

of non-normal data) can bias temporal network results (Blanchard et al. 2023; 

Epskamp et al. 2018). For these reasons, we opted not to transform the data.  

https://osf.io/3pwnq/
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Figure 3.1. The distribution of participants’ ratings of the six variables, across the 32 

weeks of the study.  

 

3.5.2 Stationarity 

 

Another assumption of temporal networks is that data are stationary, whereby the 

properties of the data (i.e., the mean and (co-)variance) do not depend on time (Ryan 

et al. 2025). We checked for stationarity using the Kwiakowski-Phillips-Schmidt-Shin 

unit root test (KPSS; Kwiakowski et al. 1992), to assess the stability of the variance-

covariance structure. The KPSS test did not provide evidence that the time series are 

nonstationary. If data are non-stationary, it is, for example, possible to remove a linear 

trend of time by detrending the data or performing other procedures (Ryan et al. 2025). 

We show code to do this in the online supplementary materials.   
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3.6 Results 

 

3.6.1 Descriptive statistics 

 

Table 3.2 shows the within-person means and standard deviations for all variables 

across the 32 measurement occasions. In general, participants report high levels of 

enjoyment, motivation, self-regulation, and self-efficacy. Participants report slightly 

lower levels of engagement, and this variable has a higher standard deviation. Partic-

ipants also report relatively high levels of anxiety. Anxiety has the highest standard 

deviation, meaning that this variable fluctuated the most throughout the language 

course.  

 

Table 3.2. Within-person means and standard deviations for all variables (N = 20).  

 

Variable Mean SD 

Enjoyment 5.12 0.86 

Anxiety 3.70 1.48 

Motivation 5.07 0.93 

Engagement 4.75 1.16 

Self-regulation 4.94 0.87 

Self-efficacy 4.95 0.87 

 

 

3.6.2 Network analysis 

 

We used the R package mlVAR to estimate three networks shown in Figure 3.2. Blue 

edges denote a positive association between variables, while red (dashed) edges de-

note a negative association. As described in section 3.3, with one multivariate time-

series dataset, we can estimate three different networks. Each of these three networks 

show a different perspective to the temporal relationships among variables. The tem-

poral network shows which variables predict other variables at the next timepoint, 
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within subjects. For example, a positive-valued edge from variable A to B would in-

dicate that on average within individuals, higher levels of A precede higher levels of 

B at the next time point. The contemporaneous network show how variables are re-

lated at each weekly measurement occasion within subjects, by controlling for tem-

poral effects. A positive edge between variables A and B would indicate that on aver-

age within individuals, higher levels of A tend to occur with higher levels of B at the 

same time frame, controlling for the temporal influences mentioned before.  The be-

tween network shows the relationships between the mean levels of variables, aggre-

gated over time and subjects. A positive edge between variables A and B would indi-

cate that across individuals, individuals with a higher mean in A tend to have a higher 

mean in B.  

 

 

 

 

Figure 3.2. The temporal, contemporaneous, and between-subject networks.  

 

Note: JOY, enjoyment; ANX, anxiety; MOT, motivation; ENG, agentic engagement; S_REG, 

self-regulation; S_EFF, self-efficacy.  
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Temporal network  

The temporal network in Figure 3.2 shows lagged associations between the six varia-

bles across the 32 measurement occasions. The temporal network analysis resulted in 

an empty network with no temporal connections between variables, which is likely 

due to the small sample size. The only edges in the model pertain to positive self-

loops for anxiety and engagement. This may indicate that higher feelings of anxiety 

and engagement at a previous measurement occasion predicts higher anxiety and en-

gagement on the following measurement occasion. 

 

Contemporaneous network 

The contemporaneous network in Figure 3.2 shows the relationships between varia-

bles within the same timeframe, after controlling for temporal effects. The contempo-

raneous network shows that five of the six variables are positively associated each 

week. The strongest relationships are between self-efficacy and self-regulation, and 

self-regulation and motivation. Notably, anxiety is the only variable that has no con-

temporaneous relationships with other variables.  

 

Between-subjects network  

The between-subjects network in Figure 3.2 shows the relationships between the mean 

level of variables over time. There is a strong, positive relationship between enjoy-

ment and engagement, and self-efficacy and self-regulation. Anxiety and motivation 

are not associated with any other variables in the between-subjects network. In con-

trast to the contemporaneous network, there is a stronger, negative association be-

tween self-regulation and engagement; we see that on average, participants who report 

higher engagement, report lower self-regulation. Whereas in the contemporaneous 

network, we see that within a certain timepoint, higher engagement is associated with 

higher self-regulation.   
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3.6.3 Stability analyses  

 

The stability and accuracy of network results can be assessed using bootstrapped con-

fidence intervals, case-dropping, or Bayesian estimation (see Blanchard et al. 2023). 

However, in their review of 43 studies, Blanchard et al. (2023) note that only 6 studies 

assessed the stability and accuracy of their networks. For multilevel models, this is 

computationally expensive given the number of parameters. We provide a plot of sta-

bility estimates for the temporal network in supplementary online materials for illus-

trative purposes. For example, if focusing on a specific edge, we can look at the auto-

regressive effect of anxiety in the temporal network across all bootstrap samples. In 

roughly 20% of samples, this effect was not significant. In the rest, it ranged from 

0.13 to 0.43, indicating substantial uncertainty. As an example with the contempora-

neous network, the edge between self-regulation and motivation was present in 99.9% 

of all bootstrap samples, ranging from 0.11 to 0.46, indicating that its inclusion was 

stable across bootstrap samples, but the point estimate varied considerably.  

 

3.7 Affordances of temporal network analysis 

 

In this chapter, we have provided an example of how temporal network analysis can 

be used as an exploratory method for CDST-inspired research. We have demonstrated 

how the mlVAR package can be applied to longitudinal L2 data to estimate three net-

works, each providing a different perspective to the relationships among variables 

over time. However, due to exploratory and small-scale nature of the empirical exam-

ple given, we must be cautious about interpreting the results. In the following section, 

we reflect on the affordances and challenges of using temporal network analysis in 

CDST-inspired research in applied linguistics.  

An important affordance of this method is that it is conceptually aligned with 

CDST. As mentioned earlier in the chapter, factor models and network models were 

developed under different theoretical frameworks (Hilpert & Marchand, 2018). With 

factor models, constructs like motivation and anxiety are conceptualized as latent 



68   Towards an integrative theory of language aptitude  
 

 
common causes of behavior. In contrast, with network models, constructs are viewed 

as interdependent components of a system. In this sense, network models offer con-

ceptual advantages for CDST researchers. This has been extensively discussed in the 

field of psychology, where there has been a shift away from methods rooted in latent 

variable theory (Borsboom, 2007; Kievit, 2020; van der Maas et al., 2006). Better 

alignment between theory and method may better enable CDST researchers to gener-

ate hypotheses about processes of self-organization and attractor states in language 

development. In our empirical example, self-regulation and enjoyment were posi-

tively associated within the same week, as well as over the duration of the language 

course. From a network perspective, these variables might correlate positively be-

cause they could be reciprocally causal and reinforcing each other.  

Network analysis is a data-driven approach; it does not require the researcher 

to make a priori assumptions about the nature or direction of relationships among 

variables. As such, this method is particularly suited to exploratory analyses (Bors-

boom et al. 2021). This is particularly useful for studying the ID variables in our em-

pirical example, as there has been uncertainty about the direction of relationships be-

tween these constructs and L2 learning over time. For example, researchers have ques-

tioned whether lower anxiety leads to subsequent L2 achievement, or whether in-

creases in L2 achievement result in lower anxiety (Alamer et al. 2025). For CDST-

inspired research, network analysis could potentially be used to identify hypothesis-

generating structures, with hypothesis formulation following exploratory work in a 

bottom-up fashion (van Dijk et al. 2024).  

Temporal networks in particular are considered to best capture the key prin-

ciple of network theory, whereby change in one variable affects change in other vari-

ables (Jordan et al. 2020). Temporal networks can also provide insight into Granger 

causality, as Epskamp et al. (2018, p.417) explain, “evidence for temporal prediction 

can potentially be indicative of causality, at least satisfying the condition that the cause 

precedes the effect”. In addition, new methods are being developed to combine net-

work models with Bayesian techniques (Huth et al. 2024; Siepe et al. 2024). Bayesian 

estimation techniques enable the specification of prior expectations on certain rela-

tionships between variables, allowing to incorporate expert knowledge into network 
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analysis. For example, incorporating findings from meta-analyses of L2-related vari-

ables could lead to more hypothesis-testing and assess the generalizability of findings 

in CDST-inspired L2 research.  

Another advantage of this method is that it can separate within- and between-

person effects. Our empirical example showed some different relationship between 

variables when comparing the contemporaneous and between-subjects networks. Be-

tween subjects, there was a strong, positive association between enjoyment and en-

gagement, but within subjects we found no evidence for an association between these 

variables. Between subjects, there was a negative association between self-regulation 

and engagement, while within subjects this association was positive. These differ-

ences highlight the importance of disentangling intra- and inter-individual differences. 

It is widely recognized that group-level patterns do not always reflect individual-level 

processes. This concept is known as ergodicity; a system is ergodic when the behav-

iors and experiences of an individual are equal to that of a group (Lowie & Verspoor, 

2019). From our network analyses, we saw that students with lower self-regulation 

had higher levels of engagement compared to students with higher self-regulation. 

This could indicate that self-regulation may have had a facilitative effect for some 

learners, but a preventative effect for other learners.  

Temporal network analysis also allows for auto-correlation and can provide 

insight into the relative stability or variability of variables over time. With our first 

research question, we asked how the six variables predict one another over time. Es-

timation of the temporal network resulted in an empty network with no lagged asso-

ciations between variables, except for two self-loops indicating auto-regressive effects 

of engagement and anxiety. For example, engagement was measured by the item “This 

week in class, I told the teacher if something was not clear for me”. The self-loops 

(autocorrelations) indicate that for this group of learners, if they communicate with 

the teacher that something is not clear during the lesson, they are likely to do so again 

the next week. With mlVAR modelling, autocorrelations indicate stability (Jordan et 

al. 2020). In clinical psychology, some researchers have suggested that temporal net-

work analysis has provided tentative evidence that depressive symptoms are preceded 

by an increase in autocorrelation and variance, where autocorrelation is represented 
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as self-loops (Bringmann et al. 2023), although this claim is still a matter of scientific 

debate. It is interesting to note that this has parallels with CDST research on language 

development, where certain types of variability may predict language learning out-

comes (van Dijk et al. 2024). For example, some studies have shown that learners who 

show greater variability in language-related tasks make more language learning gains 

(Lowie & Verspoor, 2019; Pfenninger and Kliesch, 2023). Thus, similarly to the field 

of psychology, CDST researchers of language development have also recognized the 

need for statistical models that can account for variability and autocorrelation (Kliesch 

& Pfenninger, 2021; Peng et al. 2022b).  

An aspect of network analysis that we did not explore in this study is central-

ity. Network centrality measures provide information about the relative importance of 

nodes, based on how well connected they are to other nodes (Bringmann et al. 2022). 

From a theoretical perspective, central nodes are considered to have the most influ-

ence on the system and could therefore be targeted for intervention (Epskamp et al. 

2018). With temporal networks for example, temporal in-strength and out-strength 

reflect the sum of all absolute values of edges going into or out of a certain node in 

the temporal network, respectively (Bringmann et al. 2019). For example, a node with 

a high temporal out-strength would strongly predict other nodes in the network at the 

next timepoint. For CDST-inspired research, centrality measures could potentially 

provide a more detailed understanding of the relative importance of system compo-

nents, and potentially be used to identify which variables to target for classroom in-

tervention. However, see Bringmann et al. (2022) for a critical discussion of centrality 

indices in network analyses.  

 

3.8 Limitations of temporal network analysis  

 

Although network approaches are compatible with CDST in many ways, there are 

also aspects that do not align. Network analyses assume linear relationships between 

variables as well as linear development over time. This is problematic, as many as-

pects of language development are known to be nonlinear (Hiver & Al-Hoorie, 2016; 

Kliesch & Pfenninger, 2021; Lowie & Verspoor, 2019).  
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Nonlinearity is a key concept in CDST-inspired research, whereby cause-

effect relationships depend partly on the current state of the system (van Dijk et al. 

2024). However, the field of network analysis is developing quickly, with new meth-

ods that can model nonlinear patterns, such as the time-varying dynamic partial credit 

model, which can show non-linear trends within intensive longitudinal data (Castro-

Alvarez et al. 2023).  

The use of temporal network analysis necessitates the collection of intensive 

longitudinal data. Blanchard et al. (2023) conducted a systematic review of studies 

using group-level temporal network approaches to study psychological constructs. 

Out of the 43 studies identified, the mean number of participants was 119.6 (SD 210.7) 

and the mean number of completed timepoints was 47.9 (SD 22.8) (Blanchard et al. 

2023, p.771). These studies mostly used ESM data, collected daily or multiple times 

a day. In the field of applied linguistics, as well as in other related fields, it is very 

challenging to collect enough data to be able to use temporal network analysis. How-

ever, researchers could start with fewer variables and simpler analysis techniques first, 

such as purely autoregressive models. There is no specific recommended sample size 

or standards for conducting power analysis when it comes to network analysis (Jordan 

et al. 2020). Rather, an appropriate sample size for network analysis depends on the 

balance between parameters, including the number of participants, variables, and time 

points. With mlVAR, however, it is possible to assess power by manipulating these 

parameters using simulated data (see Jordan et al. 2020).  

There are also methodological challenges and considerations related to han-

dling missing data. In our empirical example, we excluded two participants from anal-

yses due to lack of data. It is not a coincidence that these two participants also did not 

do well on the language course and did not successfully pass the program. It is im-

portant to acknowledge this bias in our data and results, as the psychological processes 

of a struggling language learner likely differ considerably from those of more suc-

cessful learners. We also had to exclude three participants due to a lack of variance; 

three participants gave the same response for one variable every week. For two par-

ticipants this variable was self-efficacy, and for one participant this variable was en-
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joyment. It is possible that these participants genuinely felt the same each week re-

garding their self-efficacy or enjoyment, as their responses to the other five variables 

did vary from week to week. However, as the networks are estimated based on covar-

iance, these participants could not be included in analyses.  

The fact that we had to exclude some participants from analyses due to lack 

of variance is interesting in relation to assumptions and findings about how variability 

is associated with language development. From a CDST perspective, variability is not 

treated as noise, but rather the process that signals system change (Thelen & Smith, 

1994). For example, drawing on three studies, Verspoor and de Bot (2022) show that 

“learners who have relatively higher degrees of variability make relatively more gains 

in writing or reading”. Lowie and Verspoor (2019) also found that learners with higher 

aptitude and motivation showed more variability in L2 development. In our empirical 

example, we focused on changes in 6 ID variables during a language course, but not 

how these IDs relate to L2 development over time. It is unclear how the exclusion of 

participants that showed no variance (for one variable) impacts our results.  

For the remaining 20 participants, we used the default settings of mlVAR 

and performed listwise deletion for any missing values. As an alternative, it is possible 

to impute missing data. However in this case, missing values are likely not missing at 

random and may be lower than students’ regular responses. From looking at the qual-

itative data (weekly diaries), we know that students typically missed a measurement 

occasion due to being ill. In their diary entries the following week, students reported 

that they felt demotivated due to having missed lessons and that they felt anxious 

about catching up with their peers. Thus it is important to acknowledge that the ex-

clusion of these missing values has likely biased the results. This is a common issue 

with intensive longitudinal research across different fields. For example, in their sys-

tematic review, Blanchard et al. (2023, p.777) note that in clinical psychology, “par-

ticipants with higher amounts of missing data, or even attrition, in longitudinal re-

search may be those with higher symptom severity […] and so it can bias the results 

to exclude them”.  

Testing the reliability of intensive longitudinal measurements is a compli-

cated and understudied topic. In a recent review paper of 124 intensive longitudinal 
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studies that measured emotions, mood, or affect, Castro-Alvarez et al. (2024) found 

that only 73 studies (55.7%) reported reliability. Out of the studies that did report 

reliability, only 27 (37.0%) used a method that was appropriate to use with longitudi-

nal data. Reliability measures used with cross-sectional data, such as Cronbach’s al-

pha, are not appropriate for ESM or time-series data. For example, many studies report 

Cronbach’s alpha for the aggregated dataset, but this ignores the nested structure of 

the data (Castro-Alverez et al. 2024). In addition, as Hektner et al. (2007, p. 115) 

explain, “expecting consistency in an individual’s responses from one ESM signal to 

the next would not make sense because a person’s experience varies over different 

moments in time. Lack of variation in responses would be a cause for methodological 

concern”. This logic applies to the present study, as we know from previous research 

that variables such as motivation and engagement can change throughout a language 

course (e.g., Yu et al., 2022; Zhou et al., 2023b). Although we may expect some 

changes in the levels of variables, Hektner et al. (2007) point out that aggregated re-

sponses may also show consistent patterns over time. For this reason, some ESM stud-

ies use a modification of test-retest reliability, splitting the first and second half of the 

data set, and comparing the aggregated data (Goetz et al. 2016). However, in the case 

of the present study and the context of language learning, this would not be appropri-

ate, as we might expect mean levels (of anxiety for example) to differ between the 

first and second half of the language course (see Shirvan & Taherian, 2018; Yu et al. 

2022). Given the aforementioned issues, we could not determine a reasonable ap-

proach to assess the reliability of the single items within the context of this study. We 

did not perform reliability analyses, and acknowledge this limitation. In addition, the 

use of single items to measure each of the six constructs could also be considered 

problematic. The use of single items assumes a unified interpretation of the constructs, 

which may not be accepted by all L2 researchers (see Dörnyei & Ryan, 2015).  

 

 

 

 

 



74   Towards an integrative theory of language aptitude  
 

 
3.9 Conclusion 

 

Conceptually, temporal network analysis has many affordances for CDST-inspired 

research. Network approaches are more closely aligned with CDST compared to fac-

tor-based methods that are rooted in latent variable theory. As network analysis is a 

data-driven method, it is considered especially well-suited to exploratory research. 

The mlVAR package in particular can provide researchers with three different perspec-

tives to understanding temporal relationships among variables. This method could 

lead to more detailed hypotheses about how linguistic systems emerge from multivar-

iate, time-dependent interactions. Methodologically, however, there are several chal-

lenges for implementing this method in future CDST-inspired research. Temporal net-

work analysis requires a large sample size, which is challenging to collect in many 

language learning settings. As this is a relatively new method, there are also some 

methodological uncertainties, such as appropriate ways of assessing the reliability of 

intensive longitudinal methods. In our example, we illustrated temporal network anal-

ysis with time-series data from 20 participants that was collected over 32 weeks. In 

the field of psychology, most studies have used temporal network analysis with ESM, 

with data collected daily or multiple times a day (Blanchard et al. 2023). For CDST 

researchers, it could also be interesting to explore the potential of temporal network 

analysis with ESM data. New smartphone applications such as the Lang-Track-App 

may enable more L2 researchers to use ESM to collect highly contextualized data 

(Arndt et al. 2023). While our example was with psychological variables, temporal 

network analysis could also be used to study the temporal dynamics of language de-

velopment (e.g., grammar, vocabulary, speaking fluency), L2 use, or a combination 

of linguistic, social, and psychological variables.  

. 



 

Chapter 4 

 

Aptitude complexes: Expanding our view of language apti-

tude* 

 

 

Abstract 

In second language (L2) research, aptitude is typically viewed as a multicomponen-

tial, cognitive construct. Yet we know that L2 learning is influenced by multiple 

learner individual differences (IDs) besides cognitive abilities and that these IDs in-

teract. In this article, we consider the affordances and implications of working toward 

a broader theory of language aptitude. Inspired by the theory of aptitude complexes, 

we examine the joint functioning of cognitive, affective, conative, and contextual pro-

cesses in L2 learning. We conducted a large, exploratory study of aptitude with 544 

learners of L2 Dutch. We used exploratory graph analysis to estimate a partial corre-

lation network of 25 variables, combined with a community detection algorithm to 

identify communities of closely related variables. Results showed 5 communities of 

aptitude variables: cognitive abilities, proficiency and use, motivation and effort, self-

beliefs and emotion, and pro-social behaviors. Learners with higher levels of multi-

lingualism and less external pressure to learn Dutch made more L2 gains. Results also 

showed that L2 use and attitudes toward the Dutch community had an effect on L2 

gains, via proficiency level and length of residence. Our findings fit with the theoret-

ical framework and highlight the importance of working toward a multivariate, inte-

grative theory of language aptitude. 

 

 

 

It is widely known that second language (L2) learning is influenced by many individ-

ual difference (ID) variables from across cognitive, affective, conative, and contextual 

domains, and that these ID variables interact (Dörnyei, 2010; Ehrman & Oxford, 

1995; Kormos, 2013; Serafini, 2017; Singleton, 2017; Thompson, 2013; Winke, 

2013). Yet in the field of second language acquisition (SLA), aptitude has become 

synonymous with cognitive aptitude. Affective variables, such as personality and anx-

iety, and conative variables, such as motivation and willingness to communicate, are 

 

 
* This chapter is a slightly modified version of a published article: Freeborn, L., Andringa, S., 

& Rispens, J. (2025). Aptitude complexes: Expanding our view of language aptitude. The 

Modern Language Journal, 109(4), 775-799.  
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not typically viewed as components of aptitude. In this article, we challenge this tra-

ditional view and expand our conceptualization of aptitude beyond cognitive abilities. 

We report findings from a large, exploratory study of 544 learners of L2 Dutch. In-

spired by Snow’s (1987, 1989a, 1992) theory of aptitude complexes, we take a whole-

person approach to the study of aptitude, considering the joint functioning of cogni-

tive, affective, conative, and contextual processes in L2 learning. There is a lack of 

large-scale studies to investigate the combined influence of multiple ID variables in 

the same sample of learners, putting the role of cognitive abilities within the wider L2 

learning context. We begin with a brief overview of research on cognitive aptitudes 

in SLA. We then focus our discussion around Snow’s theory of aptitude complexes 

and SLA studies that have considered the influence of cognitive abilities on L2 learn-

ing in combination with ID variables from other domains.  

 

4.1 Background 

 

4.1.1 Cognitive aptitudes in second language acquisition research  

 

The foundations of SLA aptitude research lie with the work of John Carroll in the 

development of the Modern Language Aptitude Test (MLAT; Carroll & Sapon, 1959). 

The development of the MLAT was funded by the US government, who, after the 

second World War, wanted to create a practical test for army and air forces to deter-

mine who should receive intensive language training (Stansfield & Reed, 2004). At 

that time, cognitive psychology was becoming the dominant paradigm, and Carroll 

and Sapon took an information-processing approach to developing the MLAT (Sasaki, 

2012; Stansfield & Reed, 2004). The test measures four cognitive abilities: phonetic 

coding ability, grammatical sensitivity, rote learning ability, and inductive language-

learning ability. Despite the fact that the MLAT is not available to individual research-

ers (Language Learning and Testing Foundation, 2025) and has not changed since it 

was first published in 1959 (see Sasaki, 2012), it is still widely used in SLA research 

today (Li, 2016). It is important to remember that the MLAT was created to serve a 

practical function and was not developed within a theoretical framework. Carroll 
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(1981) never limited the construct of aptitude to cognitive abilities, defining aptitude 

as “an individual’s initial state of readiness and capacity for learning a foreign lan-

guage, and probable facility in doing so given the presence of motivation and oppor-

tunity” (p. 86). When developing the MLAT, Carroll (1964) also studied the effects 

of noncognitive ID variables, including motivation, test anxiety, and attitudes toward 

foreign language study. In spite of this, conceptualizations of aptitude in SLA research 

have remained limited to cognitive aptitudes. Since the MLAT, a number of other 

language aptitude tests have also been developed, largely based on the MLAT and 

with a focus on cognitive abilities (e.g., Hi-LAB, Linck et al., 2013; CANAL-F, 

Grigorenko et al., 2000; LLAMA, Meara, 2005).  

 

4.1.2 Snow’s theory of aptitude complexes 

 

Richard Snow was an educational psychologist who studied the role of aptitude in 

learning from instruction. In contrast to the traditional view, Snow (1992) took a ho-

listic, multivariate approach to the study of aptitude, including any personal charac-

teristic that influenced learning. In addition to cognitive abilities, Snow stressed the 

importance of including affective and conative processes. Taking a whole-person per-

spective, Snow focused on the joint functioning of cognitive, affective, and conative 

processes in learning from instruction (Snow, 1987). Much of his research was dedi-

cated to the study of aptitude complexes, defined as “critical combinations of aptitude 

variables” (Snow, 1987, p. 19). Snow (1989a) also viewed aptitude as a dynamic con-

struct that can be developed and influenced by students’ beliefs about themselves as 

learners. Key to this conceptualization is how different aptitudes relate to the inner 

and outer environment. As Snow (1987) described, “an aptitude construct represents 

an interface between an inner environment—the substance of the artifact itself—and 

an outer environment in which it operates” (p. 12). For example, ID constructs such 

as motivation and anxiety belong to the inner environment of the L2 learner and also 

interact with the outer learning environment and L2 context.  

To further develop this theory, Snow (1987) noted the importance of explor-
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atory, correlational studies to analyze interactions between aptitudes (A–A) and apti-

tudes and outcome measures (A–O). As a way of “mapping the terrain,” Snow (1989b) 

aimed to build and test networks of correlations among ID variables and learning out-

comes. Building on Snow’s work, Ackerman and Heggestad (1997) conducted a meta-

analysis to inductively derive constellations of ID constructs, identifying four groups 

of variables that clustered together, which they named trait complexes (see Ackerman, 

2003). These complexes contained both nonability and ability ID constructs, from 

across cognitive, affective, and conative domains. For example, the intellectual–cul-

tural trait complex included crystallized intelligence, artistic interest, openness to ex-

perience, and intellectual engagement (Ackerman, 2003). Ackerman (2003) and 

Ackerman and Kanfer (2009) also conducted empirical studies to explore whether the 

same patterns of relationships were found between complexes and outcome measures 

in different educational and work settings.  

Snow (1987) reasoned that by identifying interactions between aptitudes (A–

A) and with learning outcomes (A–O), we could then extend our line of enquiry to 

analyze how aptitudes and learning outcomes interact with different instructional 

treatments (A–T–O). This idea refers to aptitude–treatment interaction (ATI), which 

Snow (1963) first developed for his doctoral thesis. For Snow, the ability to modify 

instructional treatment and experimentally manipulate aptitude–outcome relations 

was fundamental to aptitude theory. These ideas have been influential in the field of 

SLA; a number of ATI studies have investigated the relationships between cognitive 

aptitudes and L2 learning outcomes under different types of instructional treatment 

(see Yilmaz & Granena, 2019). Snow’s work has also guided the development of 

some L2 aptitude theories. For example, Robinson’s (2001, 2005) aptitude com-

plexes/ability differentiation framework focuses on how IDs in cognitive aptitudes 

interact with different L2 learning conditions. Snow and his colleagues also initially 

focused on cognitive aptitudes—mainly out of practical necessity (Snow, 1992). It is 

important to note, however, that they recognized the need to later integrate ID con-

structs from other domains: “[We] knew we would have to cycle back to the study of 

‘aptitude complexes’ that would add in constructs reflecting conative and affective 

processes in learning” (Snow, 1987, p. 17). Li (2024) has noted the confusion around 



Aptitude complexes: Expanding our view of language aptitude 
 
 

 

 

 

 

 

 

 

79 

the term “aptitude,” and the differences between how aptitude is conceptualized in 

ATI research in the field of SLA and Snow’s original framework. Li (2024) has sug-

gested that “ATI” be changed to “ITI” (ID–treatment interaction) to better encompass 

the range of ID variables known to influence L2 learning and avoid further misinter-

pretations.  

 

4.1.3 Multivariate approaches to aptitude in second language acquisition re-

search 

 

While aspects of Snow’s work have been explored in the field of SLA, there has re-

mained a focus on cognitive abilities under the label of aptitude. Only a small number 

of studies have considered the joint functioning of ID variables across different do-

mains in conjunction with cognitive abilities. In the next section, we review studies 

that examined a large number of variables in combination, across cognitive, affective, 

conative, and contextual domains of L2 learning. Note that in these studies, noncog-

nitive ID variables were not conceptualized as components of aptitude; there is little 

work exploring the construct of aptitude in more holistic way.  

Some seminal studies have found that language-learning outcomes were pre-

dicted by multiple different ID variables from across different domains. For example, 

in a study entitled “Cognition Plus,” Ehrman and Oxford (1995) examined the learn-

ing gains of 855 students receiving training for 34 different languages. Besides cog-

nitive abilities measured via the MLAT, Ehrman and Oxford included a range of other 

affective and conative ID constructs, such as learning styles, strategy use, motivation, 

anxiety, and personality. They also considered the role of demographic variables, in-

cluding age, education level, and the number of languages previously learned. They 

conducted correlational analyses to explore the relationships between ID constructs 

and learners’ end-of-training speaking and reading proficiency scores. Results showed 

that the two outcome measures were most strongly related to cognitive abilities, fol-

lowed by affective factors (motivation, self-confidence, and affective arousal) and 

personality variables. Demographic variables were also related to outcome measures, 
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with an advantage for higher education level, younger age, and more previous lan-

guage-learning experience.  

In another seminal study called “Towards a Full Model of Second Language 

Learning,” Gardner et al. (1997) found that several ID constructs were interrelated 

and that L2 learning was predicted by multiple ID variables from different domains. 

With data from 102 learners of L2 French, Gardner et al. used exploratory factor anal-

ysis to determine the structural relationships among 29 ID variables. They then con-

ducted correlations between aggregate (factor) scores and two outcome measures of 

L2 achievement. Overall, language anxiety, self-confidence, and can-do self-ratings 

of proficiency had the strongest associations with outcome measures. To further ex-

plore the relationships between the aggregated ID measures and L2 outcomes, Gard-

ner et al. (1997) estimated a causal model of SLA using structural equation modelling 

(SEM). In their model, motivation, cognitive aptitude, and language-learning strate-

gies were seen as direct predictors of language achievement. Motivation and cognitive 

aptitude explained around the same portion of variance of L2 achievement. The model 

also showed relationships between predictor variables; language attitudes predicted 

motivation, while motivation predicted both self-confidence and language learning 

strategies. Gardner et al. (1997) emphasized that “existing research and theory make 

it clear that a number of variables relate to achievement in the L2, and it seems obvious 

that the variables do not operate independently of one another” (p. 347). 

Other SLA studies have investigated the relationships between cognitive ap-

titudes and other ID variables, focusing on a small number of variables. For example, 

in a study of 494 intermediate and advanced learners of L2 English, Lee (2020) used 

SEM to model relationships between cognitive aptitude, motivation, vocabulary 

learning strategies, L2 use outside the classroom, and two outcome measures (vocab-

ulary depth and breadth). Lee’s SEM model showed direct effects of cognitive apti-

tude and L2 use on outcome measures, and direct effects of motivation on strategy 

use and L2 use. Motivation had an indirect effect on outcome measures, mediated by 

L2 use. In another study, Winke (2013) investigated relationships between various ID 

constructs in a sample of 96 learners of L2 Chinese. Winke (2013) used SEM to model 

the associations between cognitive aptitude, strategy use, motivation, and L2 learning 
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outcomes. Results showed that each of the three predictors explained a similar amount 

of variance in L2 learning outcomes. In addition, cognitive aptitude was negatively 

correlated with motivation. Winke (2013) reasoned that this may have been due to a 

compensatory relationship, whereby learners needed more motivation if they had low 

cognitive aptitude. Findings from many other studies point to a complex pattern of 

relationships between L2 learning outcomes and cognitive, affective, and conative 

aptitudes. For example, in a meta-analysis of 66 studies, Li (2016) found that cogni-

tive aptitudes had negative associations with anxiety and weak associations with mo-

tivation. Other studies have found relationships between cognitive aptitudes and per-

sonality traits (Biedrón, 2011), attitudes toward L2 learning (Cochran et al., 2010), 

and first language (L1) abilities (Sparks et al., 2011, 2012).  

Language aptitude is also linked to the L2 learning context. The relationship 

between L2 learning and cognitive, affective, and conative IDs has been found to vary 

across different proficiency levels (Artieda & Muñoz, 2016; Dunn & Iwaniec, 2022; 

Serafini, 2017; Serafini & Sanz, 2016). For example, Serafini (2017) conducted a lon-

gitudinal study with 87 learners of L2 Spanish at three proficiency levels. Cognitive 

aptitudes (two working memory tasks) were measured at the start of the semester, 

different motivational constructs were measured at the beginning and end of the se-

mester, and L2 grammatical development was measured throughout the semester. Ser-

afini used correlational analyses and scatterplots to visualize relationships among var-

iables over time. Results indicated different patterns of relationships between varia-

bles for proficiency levels. For example, for beginner learners, phonological working 

memory was positively related to anxiety, but for intermediate learners, phonological 

working memory was related to effort to learn and attitudes toward the L2 context. 

Studies have also shown that aptitude is related to level of multilingualism and previ-

ous language-learning experience. Having previously gone through the process of 

learning an L2, multilinguals tend to develop greater metalinguistic awareness, learn-

ing strategies, and a broader linguistic repertoire (Cenoz, 2013). Sáfár and Kormos 

(2008) conducted a longitudinal study of 61 learners of L2 English; 21 learners were 

at a regular secondary school, while 40 learners were at a bilingual school and re-

ceived intensive instruction. Sáfár and Kormos compared learners’ cognitive aptitude 
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scores at the beginning and end of the academic year. Results showed that while both 

groups made gains, the group that received intensive instruction improved their apti-

tude scores significantly more. Other research has shown that even a small amount of 

prior L2 learning has a positive impact on cognitive aptitudes (Thompson, 2013). 

Level of multilingualism has also been found to interact with levels of anxiety and 

enjoyment (Botes et al., 2020; Thompson & Lee, 2012). These interactions have led 

researchers to question the interface between language aptitude and multilingualism: 

Does high aptitude encourage multilingualism, or does the experience of learning a 

language increase one’s aptitude? (Singleton, 2017; Thompson, 2013).  

 

4.1.4 Reconsidering our view of language aptitude 

 

As illustrated from previous SLA studies described above, it is widely accepted that 

L2 learning is related to many other ID variables besides cognitive aptitudes. We also 

know that there are many interactions between cognitive abilities and ID variables 

from affective, conative, and contextual domains. In addition, we know that the role 

of cognitive abilities in L2 learning is partly dependent on learners’ previous lan-

guage-learning experience and the L2 context. In order to fully understand the role of 

cognitive abilities in learning, we need to take a whole-person approach, considering 

the joint functioning of ID variables from different domains. Other SLA scholars have 

called for a more integrative, broader conceptualization of aptitude, to include affec-

tive and conative characteristics as well as demographic variables (Dörnyei, 2010; 

Kormos, 2013; Serafini, 2017; Singleton, 2017; Thompson, 2013; Wen, 2021; Winke, 

2013). Compared to the traditional, cognitive view of aptitude, a whole-person ap-

proach makes more sense not only from a theoretical perspective, but also from a 

pedagogical perspective. As others have previously noted, although measures of cog-

nitive aptitude tend to predict L2 learning, language learning would likely not start in 

the first place without conative IDs such as motivation (Dörnyei, 2005; Graham, 

2021). We must also consider the relevance of language aptitude research to teachers 

and learners; while cognitive aptitudes are important, we also know that many other 

IDs influence learning. For example, in many educational contexts, having knowledge 
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of L2 learners’ memory capacity or phonetic coding ability is not particularly useful 

to learners or teachers. Weighing the importance of motivation and cognitive apti-

tudes, Graham (2021) has argued that “motivation wins hands-down, as something 

that is amenable to change, and hence something worth paying attention to” (p. 118). 

Limiting our notion of language aptitude to a set of stable cognitive abilities is also 

likely to impact learners’ self-efficacy (Graham, 2021). Taking a more holistic view 

of aptitude allows for a fuller appreciation of the diverse range of abilities, emotions, 

and behaviors that contribute to L2 learning success. Besides the seminal studies de-

scribed above, there are relatively few large-scale studies that have investigated the 

combined influence of multiple ID variables on L2 learning. While we know a lot 

about the relationships between isolated ID constructs and L2 learning, we know very 

little about how they interact as a whole. We need more multivariate studies with 

larger sample sizes to put the role of cognitive aptitudes in context and consider the 

bigger picture.  

 

4.2 The present study  

 

We conducted an exploratory study of language aptitude with 544 learners of L2 

Dutch. Our overall aim was to study language-learning aptitude from a broader per-

spective, considering the joint functioning of ID variables in L2 learning. Following 

Snow (1989b), we aimed to build correlational networks to analyze interactions be-

tween ID constructs (A–A) and ID constructs and L2 learning gains (A–O). We ini-

tially included 27 measures across cognitive, affective, and conative domains, the L2 

context and participant demographics, and a measure of L2 learning gains (see Ap-

pendix A for the full list of variables). Our decisions about which ID variables to 

include were informed first by Snow’s theory of aptitude complexes; we aimed to 

include ID constructs representative enough as to not miss potentially important 

learner characteristics across different domains. Second, we considered empirical 

SLA research on the role of IDs in language learning and multivariate studies of lan-

guage aptitude. The choice of ID constructs was also dependent on the context of L2 

Dutch learners in the Netherlands and pragmatic constraints of the study design. For 
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example, questionnaires and tasks needed to be suitable for participants from different 

L1 backgrounds, not too time-consuming, and appropriate for online data collection.  

Participants were enrolled in different L2 Dutch courses across the Nether-

lands. We collected data at two time points: at the start and end of the language 

courses. Following Snow’s (1989a) description of aptitudes as “initial states of per-

sons that influence later developments” (p. 876), we measured all variables at the start 

of participants’ Dutch courses (T1), including a C-test to measure initial Dutch lan-

guage proficiency. At the end of their Dutch course (T2), participants took the C-test 

a second time to assess their L2 gains. We used exploratory graph analysis (EGA) to 

estimate a partial correlation network of ID variables, combined with a community 

detection algorithm to identify communities of closely related variables. We aimed to 

answer the following research questions:  

 

1. What communities of individual difference variables emerge in a sample of 

L2 Dutch learners? 

2. Through which variables are communities related?  

3. Which variables are related to L2 learning and to which communities do they 

belong?  

 

 

4.3 Methodology  

All experimental materials and statistical analyses can be found in online supporting 

information (https://osf.io/hjcvz/overview).  

 

4.3.1 Participants 

 

Given the number of variables we aimed to analyze in this study, we needed a large 

sample of L2 learners. We cast a wide net, opening the study to anyone enrolled in an 

instructed L2 Dutch course, at any proficiency level, living in the Netherlands, from 

any L1 background. As such, a certain level of heterogeneity was inherent to the study 

design. Most participants were recruited from private language schools and university 
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language centers. These settings tend to have structured Dutch courses and use a 

coursebook to cover reading, writing, speaking, and listening skills, and vocabulary 

development. Beyond this, we have a limited knowledge of participants’ instructed 

contexts. While a large number of people (1,299) joined the study, not all completed 

their aptitude profiles. There was also considerable variation between the number of 

participants who completed specific tasks. For example, 1,000 participants completed 

the personality questionnaire, while 689 participants completed the T1 C-test. In ad-

dition, some participants completed all tasks in the aptitude profile except for the C-

test, while a small number of participants completed only the C-test. Rather than have 

large differences in sample size for different variables, and for reasons of simplicity 

and interpretability, we decided to include only participants who completed all tasks 

at T1 in analyses, which resulted in a sample of 544 participants.  

Participants were 544 adults (66% female). On average, participants were 30 

years old (M = 30.50, SD = 8.67) ranging from 18 to 75. They came from 61 different 

L1 backgrounds. The most common L1 background was English (n = 102), followed 

by Spanish (n = 58), Russian (n = 36), Turkish (n = 36), and German (n = 35). All 

participants reported at least A2 English proficiency level in the Common European 

Framework of Reference for Languages. The majority of the participants in this study 

were highly educated; 90% of participants had earned, or were working toward, a 

university degree. Participants had been living in the Netherlands for varying amounts 

of time, with an average length of residence (LOR) of 2 years (M = 26.02 months, SD 

= 25.83). Some participants had recently arrived in the Netherlands (0 months), while 

the longest LOR was 14 years (172 months). Similarly, participants had varying 

amounts of previous experience learning Dutch. On average, participants had been 

learning Dutch for about 6 months (M = 6.25, SD = 10.95), ranging from 0 months 

(no previous instruction) to 108 months (9 years).  

Dutch courses took place either online (48%) or face-to-face (52%), at pri-

vate language schools and university language centers across the Netherlands. Figure 

4.1 shows the levels of Dutch courses that participants were enrolled in. Most partic-

ipants were enrolled in 0–A1 courses (37%), followed by A1–A2 courses (25%). We 

collected information about the start and end date of each participant’s Dutch course, 
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and how many hours of instruction they received each week. There was a lot of vari-

ation in the duration and intensity of participants’ Dutch language courses. On aver-

age, Dutch courses lasted for 8 weeks (M = 8.57, SD = 4.71), with 4 hours of instruc-

tion each week (M = 4.17, SD = 3.41).  

 

 

 

Figure 4.1. Level of participants’ Dutch language courses  

 

Note: Level reflects the Common European Framework of Reference for Languages. 
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4.3.2 Measures 

 

4.3.2.1 Contextual and demographic measures  

 

We used a language background questionnaire to collect information about participant 

demographics and other contextual variables. As described in the previous section, 

participants provided information about their age, LOR, and the amount of instruction 

during their Dutch course. We created a sum score of amount of instruction, multiply-

ing the number of hours of instruction participants received each week, by the number 

of weeks the Dutch course lasted. We also asked participants about their L2 use. Par-

ticipants were asked how often they used Dutch in four situations: at home, at work 

or school, with friends, and during free-time activities. Responses were scored on a 4-

point Likert scale (0 = never, 1 = 1 hour a week, 2 = a few hours a week, 3 = a few 

hours for a few days a week, 4 = multiple hours for multiple days a week). For anal-

yses, we created a sum score of L2 use for the four situations, for each participant. In 

addition, it was important to consider participants’ previous language-learning expe-

rience. Participants were asked to list all the languages they knew, with a maximum 

entry of six languages. From this list, participants identified their L1(s) and self-re-

ported their proficiency level of each listed L24 from six options (1 = A1 low beginner, 

6 = C2 high advanced). To create a score for multilingualism, we summed the profi-

ciency levels of each reported L2, for each participant.  

We originally intended to add a measure of linguistic distance, as research in 

the Netherlands has shown that both L1 and L2 distance can influence L3 Dutch pro-

ficiency (Schepens et al., 2016). However, when following the procedures to measure 

lexical and morphological distance in Schepens et al. (2016), values were often miss-

ing for non-Indo-European languages, resulting in the loss of more than half the data5. 

 

 
4 We excluded L2 Dutch from the multilingualism score to avoid measurement overlap with 

the T1 Dutch C-test score. 
5 In our sample of 61 L1s, we were missing lexical distance values for 35 languages, morpho-

logical distance values for 24 languages, and both values for 20 languages.  
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While we recognize the role of linguistic distance in L2 learning6, we could not deter-

mine a meaningful measure of linguistic distance within the scope of this study that 

would not result in significant data loss, to create a continuous (or ordinal) variable 

for the main analyses. Table 4.1 shows descriptive statistics for the contextual and 

demographic variables included in analyses. 

 

Table 4.1. Descriptive statistics of the demographic and contextual variables (N = 

544)  

 

Variable Mean  

(SD) 

95% CI Skew-

ness  

(std. er-

ror) 

Kurtosis  

(std. er-

ror) 

Min Max 

Age (in years) 30.50 

(8.67) 

[29.77, 

31.23] 

1.67  

(0.10) 

4.57  

(0.20) 

18 75 

LOR (in months) 26.02 

(25.83) 

[23.85, 

28.19] 

1.63 

(0.10) 

3.60  

(0.20) 

0 172 

Amount of in-

structiona 

29.42 

(20.94) 

[20.94, 

27.66] 

4.28  

(0.10) 

30.44  

(0.20) 

6 244 

L2 useb 2.34  

(2.73) 

[2.11, 2.57] 2.07  

(0.10) 

5.63  

(0.20) 

0 16 

Multilingualismc 7.65  

(4.60) 

[7.26, 8.04] 0.69  

(0.10) 

1.15  

(0.20) 

0 30 

 

Abbreviations: CI = mean confidence interval; LOR = length of residence.  

 
aAmount of instruction was calculated as number of weeks multiplied by hours of instruction 

each week.  
bL2 use was calculated as a sum score of use across four situations.  
cLevel of multilingualism was calculated by summing each L2 proficiency level.  

 

 

 

 

 
6 Dutch is most closely related to other West Germanic languages including Frisian, German, 

Luxembourgish, and English. In the Netherlands, it is commonly acknowledged that learners 

with prior knowledge of Germanic languages experience positive transfer, and many language 

schools even offer “fast-track” Dutch language courses for L1 German speakers.  
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4.3.2.2 Conative and affective measures  

 

From Dörnyei’s (2005) L2 motivational self-system framework, we included the ideal 

L2 self and the ought-to L2 self, with items adapted from Hiver & Al-Hoorie (2020). 

The ideal L2 self is a source of internal motivation related to learners’ ability to envi-

sion themselves using Dutch in future situations, while the ought-to L2 self refers to 

different external pressures and obligations that learners feel to learn Dutch. From 

Gardner’s (2004) Attitude/Motivation Test Battery (AMTB), we included integrative 

orientation, a more intrinsic source of motivation to learn Dutch to become closer to 

the Dutch community, and instrumental orientation as a more extrinsic source of mo-

tivation to learn Dutch for better career prospects. Often considered an outcome of 

motivated behavior (e.g., Hiver & Al-Hoorie, 2020; You et al., 2016), we included L2 

willingness to communicate (WTC; MacIntyre et al., 1999), to assess how likely 

learners are willing to initiate communication in Dutch in different settings, using 

items adapted from Ryan (2009). We also measured learners’ intended effort to learn 

Dutch, using items adapted from Hiver & Al-Hoorie (2020). From the Motivated 

Strategies for Learning Questionnaire (MSLQ; Pintrich & de Groot, 1990), we in-

cluded the constructs of self-efficacy and self-regulation. Self-efficacy refers to stu-

dents’ beliefs about their learning abilities, while self-regulation refers to a combina-

tion of metacognitive strategies, cognitive strategies, and self-management during 

learning tasks (Pintrich & de Groot, 1990).  

We also included several different affective variables. Using items adapted 

from the AMTB (Gardner, 2004), we measured learners’ attitudes toward learning 

Dutch and attitudes toward the Dutch community. We assessed foreign language 

classroom anxiety, defined as “a distinct complex of self-perceptions, beliefs, feel-

ings, and behaviors related to classroom language learning” (Horwitz et al., 1986, p. 

128), using items from the short-form scale developed by Botes et al. (2022b). We 

also included the 50-item IPIP (International Personality Item Pool) version of the 

Goldberg (1992) markers for the Big-Five factor structure to measure five personality 

traits: extraversion, agreeableness, conscientiousness, emotional stability, and intel-

lect/imagination.  
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Table 4.2.  Reliability analyses and descriptive statistics of conative and affective 

variables (N = 544) 

 

Variable k α ω Mean 

(SD) 

95% CI Skew-

ness  

(std. er-

ror) 

Kurtosis  

(std. er-

ror) 

Ideal L2 self 5 .80 .78 4.58 

(0.89) 

[4.51, 

4.66] 

–0.52 

(0.10) 

–0.00 

(0.21) 

Ought-to L2 self 5 .83 .83 3.60 

(1.21) 

[3.50, 

3.70] 

–0.08 

(0.10) 

–0.74 

(0.21) 

Integrativeness 4 .80 .79 5.31 

(0.70) 

[5.25, 

5.37] 

–1.38 

(0.10) 

2.58 

(0.21) 

Instrumentality  4 .69 .75 4.35 

(1.10) 

[4.26, 

4.45] 

–0.51 

(0.10) 

–0.42 

(0.21) 

Willingness to com-

municate 

8 .91 .90 3.82 

(1.10) 

[3.73, 

3.91] 

–0.22 

(0.10) 

–0.29 

(0.21) 

Intended effort 5 .82 .80 4.04 

(0.95) 

[3.95, 

4.11] 

–0.23 

(0.10) 

–0.19 

(0.21) 

Self-efficacy 9 .91 .90 4.54 

(0.79) 

[4.47, 

4.60] 

–0.68 

(0.10) 

1.55 

(0.21) 

Self-regulation 9 .73 .72 4.39 

(0.67) 

[4.33, 

4.45] 

–0.23 

(0.10) 

0.05 

(0.21) 

Attitudes to learning 

Dutch 

4 .79 .83 4.71 

(0.77) 

[4.64, 

4.77] 

–0.59 

(0.10) 

0.49 

(0.21) 

Attitudes to the Dutch 

community 

5 .81 .83 4.29 

(0.79) 

[4.22, 

4.36] 

–0.33 

(0.10) 

0.16 

(0.21) 

Anxiety 8 .89 .88 3.22 

(1.03) 

[3.13, 

3.31] 

0.27 

(0.10) 

–0.58 

(0.21) 

Extraversion 10 .90 .89 3.03 

0.80 

[2.95, 

3.10] 

0.11 

(0.10) 

–0.70 

(0.21) 

Agreeableness 10 .80 .78 3.78 

(0.45) 

[3.74, 

3.82] 

–0.54 

(0.10) 

0.14 

(0.21) 

Conscientiousness 10 .80 .81 3.75 

(0.62) 

[3.70, 

3.81] 

–0.46 

(0.10) 

–0.17 

(0.21) 

Emotional stability 10 .88 .87 2.90 

(0.76) 

[2.83, 

2.96] 

0.10 

(0.10) 

–0.45 

(0.21) 

Intellect/imagination 10 .76 .78 3.81 

(0.57) 

[3.76, 

3.86] 

–0.26 

(0.10) 

–0.14 

(0.21) 

 

Note: k = number of items; α = Cronbach’s alpha; ω = McDonald’s omega; CI = mean confi-

dence intervals 
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Table 4.2 has a list of the conative and affective variables with reliability 

analyses and descriptive statistics. The five personality traits were scored on a 5-point 

Likert scale following Goldberg (1992). All other variables were scored on a 6-point 

Likert scale (1 = strongly disagree, 6 = strongly agree). Cronbach’s alpha and 

McDonald’s omega showed good reliability estimates overall, with the lowest esti-

mates for instrumentality (α = .69, ω = .75) and self-regulation (α = .73, ω = .72). We 

report the mean and standard deviation for each variable, including mean 95% confi-

dence intervals. As shown in Table 4.2, participants had a particularly high level of 

integrativeness. Note that, following Snow (1992), we do not draw a sharp distinction 

between affective, conative, and cognitive processes. As Snow and Jackson (1997, p. 

1) reasoned, there is not a true partition between constructs from these domains, as 

they are interrelated: “All human behavior, especially including instructional learning 

and achievement, involves some mixture of all three aspects”.  

 

4.3.2.3 Cognitive measures  

 

We included five different measures of cognitive abilities. Working memory (WM) 

refers to the cognitive ability of storing and processing information temporarily, in 

order to complete mental tasks (Wen, 2022). To measure simple WM, we used a for-

ward digit span subtest from the Wechsler Adult Intelligence Scale (WAIS; Wechsler, 

1997). In this task, participants were shown sequences of numbers and asked to re-

produce the numbers in the same order. Participants’ scores were the longest sequence 

of digits that they were able to recall (maximum 9). To measure complex WM (also 

known as executive WM) we used the short version of the operation span task devel-

oped by Oswald et al. (2015). This task contained both a storage component and a 

processing component; participants were shown sequences of numbers, then asked to 

judge whether some simple equations were true or false, then asked to reproduce the 

numbers. We followed the same procedures as Oswald et al. (2015) and used partial-

credit scores, but after piloting the task online, we reduced the number of sets from 

3–7 to 2–6. 
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We used the LLAMA D test (Meara, 2005) to measure sound recognition. 

The LLAMA D test assesses participants’ ability to recognize repeated words in spo-

ken language, which relies on phonetic coding ability and phonological WM, and has 

also been considered a measure of aptitude for implicit learning (Granena, 2013). In 

the training phase of the LLAMA D, participants heard a series of 10 words in an 

unfamiliar language. Then in the testing phase, participants heard a second series of 

40 words, containing both new words and words repeated from the first series. Partic-

ipants were asked to identify whether or not they heard each word before in the train-

ing phase. We followed procedures for the LLAMA v.3 as described by Rogers et al. 

(2023), awarding 1 point for each correct answer and deducting 1 point for each in-

correct answer. To assess nonverbal intelligence, we used the abbreviated 9-item ver-

sion of the Raven’s Standard Progressive Matrices (RSPM) developed by Bilker et al. 

(2012). The RSPM measures abstract reasoning and problem-solving skills that are 

related to general intelligence (Raven & Raven, 2003). In this test, participants were 

asked to identify a missing part to complete a puzzle using the options given, with the 

puzzles increasing in difficulty. Participants were scored on the number of items they 

answered correctly. Descriptive statistics for the digit span, operation span, LLAMA 

D, and RSPM are reported in Table 4.3. Overall, these four variables showed good 

reliability; scores on the operation span task and LLAMA D were evenly distributed, 

but participants achieved relatively high scores on the digit span and RSPM.  
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Table 4.3. Descriptive statistics of cognitive measures (N = 544) 

 

Note: CI = mean confidence intervals; WM = working memory.  

 

The last cognitive measure we included was a flanker task adapted from 

Eriksen & Eriksen (1974) to assess inhibitory control, which refers to “the ability to 

deliberately inhibit dominant responses or competing representations” (Lehtonen et 

al., 2018, p. 401). In this task, participants were asked to focus their attention on an 

arrow and indicate whether the arrow was facing right or left by pressing a button as 

fast as possible. The task had congruent, incongruent, and neutral trials. In Table 4.4, 

we report the mean accuracy percentage and reaction time (RT) for each condition. 

Participants displayed slightly lower accuracy and slower RTs for the incongruent 

trials, indicating reliability. To calculate the flanker effect for each participant, we 

subtracted the mean RT for the congruent items from the mean RT for the incongruent 

items (using only trials with correct responses).  

 

 

 

 

 

 

 

Variable 

(Task) 

Mean 

(SD) 

95% CI Skewness  

(std. error) 

Kurto-

sis  

(std. er-

ror) 

Min Max 

Simple WM 

(Digit Span) 

7.12 

(1.38) 

[7.00, 

7.23] 

–0.31 

(0.10) 

–0.52 

(0.21) 

3 9 

Complex WM 

(Operation Span) 

22.21 

(6.43) 

[21.67, 

22.75] 

–0.11 

(0.10) 

–0.36 

(0.21) 

3 36 

Sound recognition 

(LLAMA D) 

22.72 

(7.53) 

[22.09, 

23.36] 

–0.31 

(0.10) 

0.01 

(0.21) 

0 40 

Nonverbal intelligence 

(Raven’s Standard Pro-

gressive Matrices) 

7.54 

(1.36) 

[7.42, 

7.65] 

–1.00 

(0.10) 

0.96 

(0.21) 

2 9 
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Table 4.4. Mean reaction times and accuracy percentage of the flanker task in neutral, 

congruent, and incongruent trials (N = 544)  

 

Trial type Mean (SD) 95% CI 

Flanker RTs (ms)   

Neutral 455.66 (87.55) [448.30, 463.02] 

Congruent 458.69 (103.69) [449.98, 467.40] 

Incongruent 497.64 (103.25) [488.96, 506.31] 

Flanker accuracy (%)   

Neutral 0.98 (0.04) [0.97, 0.98] 

Congruent 0.98 (0.05) [0.98, 0.98] 

Incongruent 0.92 (0.10) [0.91, 0.93] 

 

Note: RTs = reaction times; CI = mean confidence intervals.  

 

 

4.3.2.4 C-test  

 

We used a C-test to assess participants’ Dutch language proficiency (available in 

online supplementary materials). C-tests are based on the principle of reduced redun-

dancy testing and belong to the same family as cloze tests, dictations, and elicited 

imitation tasks (Raatz & Klein-Braley, 2002). The C-test used in this study consisted 

of eight short texts of increasing difficulty level. The first sentence of each text was 

kept intact, then the second half of every second word was deleted. Participants were 

asked to complete the missing words. Following procedures in Raatz and Klein-Bra-

ley (2002), participants were given 5 minutes for each text and could choose to move 

to the next text when ready (by clicking “next”). Each text contained between 22 and 

25 gaps, with a total of 188 gaps (items) across the eight texts. C-tests are often con-

sidered a proxy measure of general L2 proficiency because they require both receptive 

and productive skills (Eckes & Grosjahn, 2006), and rely on lexical, morphological 

syntactical, and graphological knowledge at the sentence level, as well as cohesion 

and organization at the text level (Raatz & Klein-Braley, 2002). Many studies have 

shown that C-tests tend to correlate with criterion-test scores (for an overview, see 

McKay et al., 2021). C-tests have also been used in several longitudinal studies to 
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assess language-learning gains over time (e.g., Kliesch & Pfenninger, 2021; Schnoor 

et al., 2023). They are also well suited for collecting data online and with a larger 

number of participants, as they can be scored automatically.  

We used item response theory (IRT) to score the C-test, following other stud-

ies that have used this method (Lee-Ellis, 2009; Mozgalina & Ryshina-Pankova, 2015; 

Paxinou et al., 2021). By using an IRT (Rasch) model, we can consider both person 

ability and item difficulty (Paxinou et al. 2021). A correct answer depends on the 

interplay between the student’s language ability and the difficulty of the item. By tak-

ing both person ability and item difficulty into account, we are able to calculate a more 

accurate measure of Dutch language proficiency. Participants took the same C-test 

twice, at the start (T1) and end (T2) of their Dutch language course. We used IRT to 

calculate an ability score (θ) for each learner at T1 and T2 with the dexter package 

(Maris et al. 2024) in R (R Core Team, 2023). We used the T1 ability score as a meas-

ure of participants’ proficiency level at the start of the Dutch course. To measure L2 

gains, we subtracted the T1 ability score from the T2 ability score.  

To assess the construct validity of the C-test, we looked at correlations be-

tween the T1 C-test (proficiency level), L2 gains, and other contextual variables. Out 

of the 544 participants, 384 returned to take the second C-test after finishing their 

Dutch course. Thus, correlations between L2 gains and other variables were based on 

384 participants. Proficiency level, as measured by the T1 C-test, was strongly corre-

lated with the level of Dutch course participants were enrolled in (r = .73, p <.001) 

and the amount of time participants had been learning Dutch (r = .54, p <.001). L2 

gains was negatively correlated with proficiency level (r = –.45, p <.001) and course 

level (r = –.39, p <.001). LOR showed weaker correlations with the other L2-related 

measures. Overall, these correlations suggested high construct validity of the C-test.  
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4.3.3 Procedure 

 

Data collection took place from January 2022 to August 2023. To recruit participants, 

we contacted teachers, coordinators, and directors of private language schools and 

university language centers across the Netherlands and posted on social media plat-

forms. The study was conducted in English, as we included participants from diverse 

L1 backgrounds. When recruiting participants, we targeted language schools and uni-

versities that we knew provided Dutch language courses for more highly-educated 

learners, likely to have an intermediate level of English. The study was piloted with a 

few people with approximately an English proficiency level of A2–B1, to assess how 

well they could understand the task instructions and questionnaires, as well as to as-

sess the functionality of the website. While all participants reported having at least an 

A2 English proficiency level, with online data collection and self-report measures, we 

cannot be certain whether English proficiency level influenced participants’ under-

standing and/or responses, and we acknowledge this limitation. Schools informed 

their students about the study via email with a text that we provided, as well as dis-

tributing flyers. Some schools and teachers invited us to their class to explain the study 

and invite students to join, for both online and in-person classes. Participants joined 

the study at the start of their Dutch language course. For shorter, intensive courses, 

the start referred to the first 1–2 days, while for longer, extensive courses the start 

referred to during the first 1–2 weeks. Students who joined the study later in their 

Dutch course (≥ one third) were excluded from analyses.  

All data were collected online via a website designed for this study (www.ap-

titudeproject.org). Within the website, questionnaires were linked to Qualtrics (Qual-

trics, 2022), while the cognitive tasks and C-test were linked to Experiment Designer 

(Vet, n.d.) When joining the study, participants provided informed consent and infor-

mation about their Dutch language course. Upon joining the study (T1), participants 

were asked to complete their aptitude profile. Their profile consisted of nine tasks: 

four questionnaires, four cognitive tests, and the C-test. Participants could choose to 

do the tasks in any order and could complete their profile over a few days (they did 

not need to complete all tasks in one sitting). We combined multiple variables into the 
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same task; for example, in the task we called “Memory,” participants did both the 

digit span and operation span test. The task we called “Motivation” had 31 items and 

measured six variables (ideal L2 self, ought-to L2 self, integrativeness, instrumental-

ity, intended effort, and WTC). It took approximately 1 hour and 20 minutes to com-

plete the nine tasks in the aptitude profile. Access to the second C-test was blocked 

until the end of the Dutch course, when participants received an email reminder to 

take the C-test again.  

To incentivize learners to participate, we gamified the study experience by 

creating an attractive, interactive website, that updated upon completion of each task. 

After each task, participants received brief feedback on what the task measured, how 

it related to language learning, and their score. As an additional incentive for partici-

pants to return at T2, we had a prize draw whereby 1 in 10 participants who completed 

the T2 C-test received a €20 online voucher. Considering the time needed to complete 

the aptitude profile and the longitudinal nature of this study, there is likely a selection 

bias in our sample, with participants who are particularly interested in language learn-

ing.  

 

4.4 Statistical analysis 

 

Out of the 544 participants, 384 returned to take the second C-test. This meant that 

we could only look at relationships between L2 gains and other variables with a 

smaller sample of 384 participants, while relationships between all other variables 

were based on the larger sample of 544 participants. As a preliminary first step, we 

conducted Spearman bivariate correlations between variables. We then conducted an 

EGA, to estimate a partial correlation network of ID variables, grouping together 

closely related variables with a community detection algorithm. We conducted all 

analyses using R (R Core Team, 2023). In this article we show only the final model 

and accompanying information, but we report all the steps described below in full in 

online supplementary materials.  
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4.4.1 Exploratory graph analysis  

 

EGA combines network analysis with a community detection algorithm to identify 

dimensional structures of multivariate data (Golino & Epskamp, 2017). Networks are 

typically estimated using the EBICglasso, which estimates a Gaussian graphical 

model (GGM; Epskamp & Fried, 2018). With the GGM, nodes represent variables 

and edges represent partial correlations between two variables (after conditioning on 

all variables). With EGA, variables that are more strongly correlated are grouped into 

communities in the network. While network models are statistically equivalent to fac-

tor models, they have different theoretical underpinnings. In factor models, variables 

are thought to correlate because they measure the same latent construct, whereas in 

network models, groups of variables that are strongly correlated are seen as an emer-

gent system, whereby variables are causally coupled (Christensen & Golino, 2021b). 

In this sense, a network community refers to a dimension of a dataset, consisting of a 

group of closely related nodes. In a similar way that factor loadings help identify 

which variables belong to a latent factor, network loadings can be used to identify 

which variables belong to a community. As Christensen and Golino (2021b) ex-

plained, network loadings represent “each node’s unique contribution to the emer-

gence of a coherent dimension [emphasis in original] (or collection of related variables 

whose relations are not necessarily due to a common cause)” (p. 1564). Following the 

recommended workflow of EGA with the package EGAnet (Golino et al., 2020a), we 

first determined redundancies using unique variable analysis, then performed the 

EGA, then assessed the stability of the EGA.  

 

4.4.2 Unique variable analysis 

 

We first conducted a unique variable analysis (UVA) to identify and remove local 

dependence in the data. For this, we used the full dataset (N = 544) of 27 ID variables 

measured at the start of participants’ Dutch course, excluding L2 gains (a list of all 

variables can be found in Appendix A). UVA estimates a network and uses weighted 

topological overlap to assess the extent to which two variables have similar partial 
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correlations to other variables in the network (see Christensen et al., 2023). Variables 

that strongly overlap are seen to represent redundant components of the system, with 

an overlap statistic of > 0.30 indicating a large redundancy (Christensen et al., 2023). 

An advantage of the UVA procedure is that it uses regularization techniques, shrink-

ing some partial correlation coefficients to zero. This results in a sparser network, with 

less likelihood of upward bias (see Christensen et al., 2023).  

Our UVA showed a large redundancy (0.38) between ought-to L2 self and 

instrumentality, which are both measures of extrinsic motivation. When two variables 

show redundancy, by default the UVA retains the variable with the lowest maximum 

weighted topological overlap to other variables, and removes the other variable (Go-

lino & Christensen, 2024). This resulted in retaining ought-to L2 self and removing 

instrumentality. The UVA also showed moderate redundancy (0.26) between ideal L2 

self and WTC. As we know these two constructs to be theoretically distinct, we re-

tained both ideal L2 self and WTC for subsequent analyses.  

 

4.4.3 Exploratory graph analysis and community detection  

 

We began the EGA with 27 variables (the 26 remaining variables measured at T1 plus 

L2 gains). We estimated a GGM using the EBICglasso, using Spearman correlations 

due to the different scales used to measure the ID variables. We estimated the network 

with missing data as pairwise, which computed correlations for all available cases 

between two variables. This means that correlations between L2 gains and other ID 

variables were based on the smaller sample of 384, while correlations between all 

other ID variables were based on the larger sample of 544. To identify communities 

of related variables, we used the Louvain community detection algorithm. The Lou-

vain algorithm identifies hierarchical structures in the network by iteratively exchang-

ing variables between communities until the modularity no longer improves (Chris-

tensen et al., 2023). We used the total entropy fit index (TEFI) to assess the fit of the 

model, whereby lower TEFI values indicate a better solution (Golino et al., 2020b). 

In the first analysis with 27 variables, the TEFI was 24.79. Network loadings showed 

that three variables did not belong to any community: inhibitory control, amount of 
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instruction, and level of multilingualism. Spearman bivariate correlations also showed 

that these variables had fewer, and weaker associations with other variables. We con-

ducted three separate EGAs, removing each variable in turn and reassessing the TEFI 

value. Removing inhibitory control lowered the TEFI value to –24.28, and removing 

both inhibitory control and amount of instruction lowered the TEFI value to –23.25. 

Removing level of multilingualism slightly increased the TEFI value to –23.30, mean-

ing that removing this variable did not improve model fit. The final model thus in-

cluded 25 variables (24 ID variables measured at T1 and L2 gains). With the final 

model, we calculated network loadings to determine how strongly each node contrib-

uted to each community and to identify which variables displayed crossloadings, po-

tentially belonging to more than one community. Following Christensen and Golino 

(2021b), we considered a network loading of 0.15 as substantial, which is equivalent 

to a factor loading of 0.40.  

 

4.4.4 Stability analyses 

 

To assess the stability of the empirical EGA, we performed a parametric bootstrap 

EGA (Christensen & Golino, 2021b) using the Louvain community detection algo-

rithm and the default of 500 iterations. We compared the empirical structure with the 

median bootstrap structure, using 95% confidence intervals to assess the stability of 

the median number of communities. Following the EGA workflow (Golino et al., 

2020a), we used summary statistics to determine the structural consistency of the em-

pirical EGA across bootstrap samples. We considered values greater than 0.70–0.75 

to reflect sufficient structural consistency (Christensen & Golino, 2021a). Last, to 

identify which variables accounted for higher or lower structural consistency, we 

looked at the stability of each variable in each community. 
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4.5 Results 

 

Figure 4.2 shows the results of the EGA. Our first RQ concerned which communities 

of variables emerged. The EGA resulted in five communities, which we named to best 

represent the variables contained, considering which variables had the highest net-

work loadings. The network loadings for the EGA in Figure 4.2 are reported in Table 

4.5.   

 

 

 

 

Figure 4.2. Exploratory graph analysis of 25 variables, resulting in five communities 

 
Note: CWM = complex working memory (operation span); SWM = simple working memory 

(digit span); Sound = sound recognition (LLAMA D); NVIQ = nonverbal intelligence (Raven’s 

progressive matrices); PL = proficiency level; Att_L2_com = attitudes toward the Dutch com-

munity; LOR = length of residence; Ideal = ideal L2 self; Int_eff = intended effort; WTC = 

willingness to communicate; Ought = ought-to L2 self; Multi = level of multilingualism; S_eff 

= self-efficacy; S_reg = self-regulation; Att_L2 = attitudes toward learning Dutch; Con = con-

scientiousness; Emo = emotional stability; Anx = language classroom anxiety; Agr = agreea-

bleness; Ext = extraversion; Int = intellect/imagination.  

 



 Towards an integrative theory of language aptitude  
 
 

102 

Community 1 is best defined as cognitive abilities. This community com-

prised four cognitive variables and age. The two working memory tasks (operation 

span and digit span) had the strongest network loadings, followed by sound recogni-

tion (LLAMA D), and age. Age was negatively associated with cognitive abilities, 

while the four cognitive abilities showed positive associations. Although nonverbal 

intelligence (RSPM) was positioned in Community 1, it did not display significant 

network loadings.  

We named Community 2 as proficiency and use. This community contained 

five variables. Proficiency level, as measured via the C-test at the start of the study, 

showed the highest network loadings, followed by time living in the Netherlands, L2 

gains, and L2 use. There were positive relationships between proficiency level, time 

living in the Netherlands (LOR), and L2 use. L2 gains was negatively related to pro-

ficiency level and time living in the Netherlands. Although attitudes toward the L2 

community also joined this community, it did not display significant network load-

ings.  

Community 3 has six variables and is best defined as motivation and effort. 

In order of the strength of network loadings, Community 3 consisted of ideal L2 self, 

intended effort, integrativeness, WTC, ought-to L2 self, and multilingualism. As seen 

in Figure 4.2, there are positive associations between the three motivational constructs 

and intended effort and WTC. Multilingualism was placed in Community 3 because 

it showed weak, negative associations with ought-to L2 self and intended effort. How-

ever, multilingualism did not display significant network loadings for any community.  

We labelled Community 4 as self-beliefs and emotion. This community com-

prised six variables: Self-efficacy had the highest network loadings, followed by self-

regulation, anxiety, attitudes toward L2 learning, conscientiousness, and emotional 

stability. Within this community, there were positive associations between self-regu-

lation, self-efficacy, conscientiousness and attitudes toward L2 learning. Anxiety was 

negatively associated with emotional stability and self-efficacy.  

We named Community 5 as pro-social behaviors. This community contained 

three personality traits related to positive behaviors toward others: agreeableness, ex-

traversion, and intellect/imagination. These three variables were positively associated.  
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With our second RQ, we aimed to determine through which variables the 

communities were related. The graph in Figure 4.2 shows that while the ID variables 

formed distinct communities, there were also many relationships between variables 

across different communities. Overall, cognitive abilities had fewer associations with 

variables from other communities, compared to the other four communities. Table 4.5 

shows that several variables had substantive cross loadings (≥ 0.15) across more than 

one community. L2 use had moderate network loadings on Communities 2 and 3. 

Intended effort and attitudes toward L2 learning both had moderate-to-high network 

loadings on Communities 3 and 4. Attitudes toward the Dutch community did not 

display significant network loadings for any community, but as shown in Figure 4.2, 

this variable was weakly related to six variables from three different communities. 

Overall, the graph in Figure 4.2 and the network loadings in Table 4.5 show that com-

munities of variables were related mainly through L2 use, intended effort, and atti-

tudes. 

As we measured L2 use with a sum score across four different settings (at 

work or school, at home, with friends, when doing hobbies or free-time activities), we 

conducted additional analyses to explore whether there were any differential effects 

of L2 use across the four settings. We repeated the EGA four times (see online sup-

plementary materials), with each of the L2 use settings. Results were overall very 

similar to the original model in Figure 4.2, but there were slight differences in the 

relationships between the L2 use contexts and motivational constructs. L2 use with 

friends and when doing hobbies were most strongly related to proficiency level and 

ideal L2 self but were not related to ought-to L2 self. Slightly different relationships 

were found with L2 use at work or school and at home, as these items were most 

strongly related to ought-to L2 self, followed by proficiency level and ideal L2 self.  
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Table 4.5. Network loadings of the five communities  

 

Variable Cognitive 

abilities 

Proficiency 

and use 

Motivation 

and effort 

Self-beliefs 

and emotion 

Pro-social 

behaviors 

CWM 0.31     

SWM 0.23     

Sound 0.18     

NVIQ      

Age –0.10     

PL  0.42    

L2_use  0.15 0.17   

Att_L2_com      

L2 gains  –0.21    

LOR  –0.23    

Ideal  0.13 0.43   

Int_eff   0.27 0.21  

Integ   0.21   

WTC   0.19   

Ought   0.14   

Multi      

S_eff    0.40  

S_reg   0.11 0.31  

Att_L2  0.11 0.17 0.18  

Con    0.13  

Emo    0.11  

Anx    –0.22 –0.12 

Agr     0.30 

Ext     0.28 

Int     0.23 

 

Note: Showing standardized network loadings ≥ 0.10. To interpret network loadings: small = 

0.15, moderate = 0.25, large = 0.35. A network loading of 0.35 is roughly equivalent to a factor 

loading of 0.70 (Christensen & Golino, 2021b). 
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Our third RQ concerned the relationship between ID variables and L2 gains. 

From Figure 4.2, we see that L2 gains was related to four variables from Communities 

2 and 3. In Community 2, proficiency level had the strongest association with L2 

gains: Learners of lower proficiency levels made more gains compared to higher pro-

ficiency levels. Linked to proficiency level, time living in the Netherlands was also 

negatively associated with L2 gains. From Community 3, ought-to L2 self was nega-

tively related to L2 gains: Participants who felt more obligated to learn Dutch made 

fewer gains. Also from Community 3, there was a positive relationship between L2 

gains and level of multilingualism.  

 

4.5.1 Stability analyses 

 

To assess the stability of the empirical EGA in Figure 4.2, we conducted a parametric 

bootstrap EGA. The full analyses and output are available in online supplementary 

materials. In the bootstrap EGA, the median number of communities was five, 95% 

CI [4.08, 5.92]. Out of the 500 iterations, 7% resulted in four communities, 77% re-

sulted in five communities and 14% resulted in six communities. However, the five 

communities generally showed low levels of structural consistency. Figure 4.3 shows 

the results of the dimension stability analysis, with the proportion of times that varia-

bles were assigned to the same community across the bootstrap replications. Commu-

nity 1 had an overall consistency of 0.59, lower than the recommended level of 0.70 

(Christensen & Golino, 2021a). This was partly explained by age, which appeared in 

69% of bootstrap replications. Communities 2, 3, and 4 displayed low structural con-

sistency of 0.32, 0.28 and 0.41, respectively. In Community 2, the low structural con-

sistency was explained by attitudes toward the Dutch community, which appeared in 

45% of replications. In Community 3, multilingualism had the lowest item stability, 

appearing in 35% of replications. In Community 4, attitudes toward L2 learning ap-

peared in 61% of replications. Only Community 5, which consisted of three person-

ality traits, showed high structural consistency (0.91).  
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Figure 4.3. Results of the dimension stability analysis 

Note: CWM = complex working memory (operation span); SWM = simple working memory 

(digit span); Sound = sound recognition (LLAMA D); NVIQ = nonverbal intelligence (Raven’s 

progressive matrices); PL = proficiency level; Att_L2_com = attitudes toward the Dutch com-

munity; LOR = length of residence; Ideal = ideal L2 self; Int_eff = intended effort; WTC = 

willingness to communicate; Ought = ought-to L2 self; Multi = level of multilingualism; S_eff 

= self-efficacy; S_reg = self-regulation; Att_L2 = attitudes toward learning Dutch; Con = con-

scientiousness; Emo = emotional stability; Anx = language classroom anxiety; Agr = agreea-

bleness; Ext = extraversion; Int = intellect/imagination. 

 

Overall, the results of the stability analyses reflected the graphical position-

ing of each variable within the network in Figure 4.2, as well as the crossloadings in 

Table 4.5. We can be fairly certain that there were five communities of ID variables 

in our data sample. The variables that appeared in fewer bootstrap replications tended 

to be the same variables that displayed network loadings for more than one commu-

nity. L2 use, intended effort, and attitudes appeared to play a role in bridging the com-

munities of proficiency and use, motivation and effort, and self-beliefs and emotion.  
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4.6 Discussion 

 

We conducted an EGA of 25 variables across cognitive, affective, conative, and con-

textual domains of L2 learning. Our first RQ concerned the relationships between ID 

variables and whether we could identify communities of closely related variables. 

Five communities of variables emerged from the data: cognitive abilities, proficiency 

and use, motivation and effort, self-beliefs and emotion, and pro-social behaviors. 

Each of these communities makes a lot of sense. The motivation and effort commu-

nity, for example, showed close interrelations between types of motivation (ideal L2 

self, ought-to L2 self, integrativeness) and motivated behavior (intended effort, 

WTC). SLA studies have shown similar associations between these variables, such as 

stronger associations between the ideal L2 self and intended effort, compared to the 

ought-to L2 self (see Al-Hoorie, 2018; Qi, 2022). Community 4, self-beliefs and emo-

tion, also contained variables that are known to be closely related. For example, lower 

anxiety was associated with higher self-efficacy and lower extraversion, as found in 

other studies (Qin & Li, 2024). Of course, it is likely that learners’ aptitudes and L2 

gains were influenced by other ID variables that we did not include in the present 

study. For example, we did not include the role of linguistic distance. While L1 dis-

tance has been shown to have a positive influence on L2 Dutch learning (Schepens et 

al., 2016), it would also be interesting to examine potential interaction effects between 

linguistic distance and affective and conative variables. While recognizing that it may 

be important to include additional variables, the five communities we identified could 

serve as a starting point for future studies taking a broader approach to aptitude.  

Besides identifying communities, we also wanted to examine the relation-

ships between communities. Our second RQ concerned which variables connected 

different communities together. Results highlighted the roles of L2 use, intended ef-

fort, and attitudes toward learning Dutch. The network loadings showed that these 

variables were connected to several other variables from different communities, indi-

cating their relative importance within the network. From a network perspective, these 
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variables may serve as causal bridges between communities (Fried, 2020). Our find-

ings thus highlight the importance of motivated behavior (L2 use and intended effort) 

in connecting communities of variables related to motivation, proficiency level, and 

self-beliefs and emotion. It is also interesting to note that two bridge variables (L2 use 

and attitudes toward learning Dutch), were strongly related to proficiency level and 

LOR. This indicates that the role of these bridging variables might change if studying 

groups of learners at similar proficiency levels and LORs. For example, we would 

expect beginner learners to have low L2 use—because a certain level of proficiency 

is needed to use the L2—while for intermediate and advanced learners, L2 use is more 

likely to depend on their motivation, attitudes, and other characteristics. Additional 

analyses revealed further differential effects of L2 use in different contexts, whereby 

greater external pressure to learn Dutch (ought-to L2 self) was associated with more 

L2 use at work or school and at home, while greater internal motivation to learn Dutch 

(ideal L2 self) was associated with more L2 use with friends and free-time activities.  

With our final RQ, we examined which ID variables were related to L2 gains. 

L2 gains was negatively associated with the ought-to L2 self, proficiency level, and 

LOR, and positively associated with level of multilingualism. In meta-analyses of the 

L2 motivational self system, Al-Hoorie (2018) and Qi (2022) found no significant 

associations between the ought-to L2 self and measures of L2 achievement, and the 

ideal L2 self was a better predictor of outcomes. Our different findings could be ex-

plained by the study context: Participants were learners of Dutch as an L2, but re-

search on language motivation is biased toward learners of English in foreign lan-

guage contexts (Dörnyei & Al-Hoorie, 2017). For example, in meta-analyses, Al-

Hoorie (2018) identified only 3 out of 32 studies that investigated a language other 

than English (LOTE), and Qi (2022) found moderating effects of the LOTE contexts 

on the ought-to L2 self. In the present study, the ideal L2 self appeared to have an 

indirect effect on L2 gains, via L2 use and proficiency level. Level of multilingualism 

had a positive influence on L2 gains. This has been found in several SLA studies 

(Sáfár & Kormos, 2008; Thompson, 2013) and generally supports SLA theories about 

the benefits of multilingualism for subsequent language learning (Cenoz, 2013; Hi-

rosh & Degani, 2018). Similarly to other studies (Botes et al., 2020; Dewaele et al., 
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2008), we also found that higher levels of multilingualism were associated with lower 

levels of anxiety. There were also interactions between multilingualism and the ought-

to L2 self; in addition to both of these variables influencing L2 gains, learners with 

higher levels of multilingualism also had lower external pressures and obligations to 

learn Dutch.  

Proficiency level had the strongest association with L2 gains. Participants 

with lower Dutch proficiency at the start of their course made more gains compared 

to those with higher proficiency. This association may be due to a variety of reasons. 

One reason could be that the C-test was more sensitive to measuring L2 gains at lower 

proficiency levels. While the C-test includes different aspects of L2 knowledge (e.g., 

vocabulary, grammar, sentence structure), it might be that we had fewer items to test 

aspects of L2 proficiency that are developed at higher proficiency levels. Only a small 

number of participants (16%) were enrolled in B2-level courses and higher, so we 

cannot be certain about the generalizability of our findings to higher proficiency lev-

els. Another reason why participants with lower proficiency levels made greater gains 

could be that L2 development typically slows down: It takes more time, input, and 

instruction to get from A2 to B1 proficiency level, than from 0 to A1, for example 

(Beningo et al., 2017). Nevertheless, results of the EGA highlighted how much profi-

ciency level affected the relationships between ID variables and L2 learning out-

comes. When looking at bivariate correlations (see online supplementary materials), 

there was a negative relationship between L2 gains and L2 use (–0.19, p > 0.001). 

This relationship did not make sense without considering the effect of proficiency 

level; learners with lower proficiency levels had lower L2 use, but they made greater 

L2 gains compared to learners with higher proficiency levels. In a similar way, biva-

riate correlations showed a positive relationship between L2 gains and attitudes to-

ward the Dutch community (0.13, p = 0.009). The EGA showed that this relationship 

was moderated by how long participants had lived in the Netherlands, whereby par-

ticipants with a longer LOR had more negative attitudes toward the Dutch community. 

In turn, the same variables that were dependent on proficiency level and LOR (L2 use 

and attitudes toward the Dutch community) were also related to ID variables across 

different communities, potentially acting as bridges between communities. All things 
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considered, this points to a complex pattern of causal interactions between ID varia-

bles and L2 gains, determined largely by proficiency level.  

The moderating effects of proficiency level and LOR suggest that it could be 

more meaningful to examine groups of learners with similar proficiency levels and 

LORs. Previous research has shown that different types of aptitudes are more strongly 

related to L2 gains at different proficiency levels (Artieda & Muñoz, 2016; Dunn & 

Iwaniec, 2022; Serafini, 2017). To account for this, some studies have demonstrated 

the benefits of taking a person-centered approach, using cluster analysis to group to-

gether learners based on ID variables (Papi & Teimouri, 2014; Peng et al., 2022b; 

Sparks et al., 2012; de Wilde & Lowie, 2024). In our study, it is likely that the asso-

ciations between L2 gains and ID variables were attenuated by the heterogeneity of 

our sample. The role of other variables might emerge more clearly if we focused on 

homogenous groups of learners within our sample.  

Inspired by Snow’s (1992) theory of aptitude complexes, the main goal of 

our study was to explore the construct of aptitude from a holistic perspective, consid-

ering the joint influence of ID variables on L2 learning from across different domains. 

In the field of SLA, aptitude has long been defined and operationalized as a relatively 

stable set of cognitive abilities (see Li, 2016 and Wen, 2021). Yet from both a theo-

retical and practical standpoint, there are no clear reasons why language aptitude 

should remain limited to cognitive abilities. The results of the present study showed 

that cognitive abilities were not strongly related to L2 learning outcomes or other ID 

variables. Rather, variables belonging to the communities of motivation and effort, 

and self-beliefs and emotion had a larger effect on L2 outcomes. Other multivariate 

studies of aptitude have also shown that L2 learning outcomes are dependent on a 

combination of cognitive, affective, and conative ID variables (Ehrman & Oxford, 

1995; Gardner et al., 1997; Winke, 2013). Studying combinations of ID variables will 

likely better predict learning than studying a singular ID variable and/or domain 

(Ackerman, 2003). Our results also highlight the importance of the L2 context and the 

heterogeneity of the sample, as the relationships between aptitudes and L2 outcomes 

were partly dependent on learners’ amount of L2 use, proficiency level, LOR, and 

attitudes toward the L2 community.  
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A broader view of aptitude inherently raises a number of questions, most 

notably regarding the number of ID variables to include, and which ones. With open, 

complex systems, we cannot control or be aware of all elements that contribute to an 

individual learner’s L2 development (Al-Hoorie et al., 2023). That said, we can draw 

on a wealth of empirical research on the role of IDs in SLA. Following Snow (1987) 

and Ackerman (2003), we could aim to identify whether the same patterns of relation-

ships between aptitudes (A–A) and L2 learning outcomes (A–O) are found in different 

populations and contexts. The five communities of ID variables that emerged in our 

sample of L2 Dutch learners are largely consistent with previous SLA research. If the 

present study was replicated in a different learner population and context, we would 

expect very similar communities of ID variables to emerge. We would also expect to 

see similar moderating effects of proficiency level and LOR on the relationships be-

tween ID variables and L2 learning. If additional variables were included in analyses, 

we would expect them to join one of the five existing communities or potentially form 

new communities. For example, a motivational construct like goal orientation would 

likely join the motivation and effort community, while we might expect language an-

alytic ability to join the proficiency level and use community. Regarding L2 learning 

gains, our results showed that learners’ gains were directly related to ought-to L2 self 

and level of multilingualism and indirectly related to L2 use and attitudes toward the 

L2 community. We might expect these findings to be partially replicated in similar 

LOTE contexts. However, we may expect different findings for learners of L2 Eng-

lish, in foreign language contexts, and at different proficiency levels and stages of 

learning.  

 

4.7 Conclusion 

 

We conducted an exploratory study of aptitude with learners of L2 Dutch, using EGA 

to examine how combinations of aptitudes across different domains contribute to L2 

learning. Our results highlight the benefits of taking a broader approach to language 

aptitude; we can only understand the effects of ID variables on L2 learning if we view 

them holistically, considering the interdependency of cognitive, affective, conative, 



 Towards an integrative theory of language aptitude  
 
 

112 

and contextual processes. We argue that it is time for SLA scholars to reconnect with 

aptitude theory and question preexisting notions of aptitude. Instead of limiting our 

view of aptitude to cognitive abilities, we could expand our view and work toward a 

more holistic theory. This would essentially entail synthesizing SLA research findings 

and trying to establish patterns of commonalities between learners, while at the same 

time identifying how patterns may change in different contexts and populations. 

Building on Snow’s (1992) theory of aptitude complexes, we conceptualize language 

aptitude as a complex system that emerges out of interactions between communities 

of closely related variables, across cognitive, affective, conative domains of L2 learn-

ing. We call on other SLA researchers to explore Snow’s ideas and work toward an 

integrative, holistic theory of language aptitude.   

 

 

 

 

 



 

Chapter 5  

 

An integrative approach to profiling language learners* 

 

 

Abstract 

Second language (L2) learning is a complex process, dependent on the interplay be-

tween individual differences (IDs) across cognitive, affective, conative, and contex-

tual domains. However, little is known about how these diverse IDs co-occur and in-

teract within individuals. While cluster analysis is becoming a popular method of 

identifying groups of learners that share similar characteristics, learners are typically 

grouped based on a small set of closely-related ID variables. To better understand L2 

learning, we need to take a more integrative approach to profiling learners, consider-

ing abilities and attributes from different domains. In this study, we took a person-

centered approach to identify language learner profiles among 544 learners of L2 

Dutch in the Netherlands. We conducted a cluster analysis to identify similar groups 

of learners, considering cognitive abilities, pro-social behaviors, motivation, self-be-

liefs, level of multilingualism, and prior Dutch experience. Five distinct learner pro-

files emerged. While two profiles stood out for having particularly strong or weak 

attributes, other profiles were more mixed. We also examined the relationship be-

tween different profiles and L2 learning gains over time, but found only small differ-

ences in L2 learning gains between profiles. This suggests that ID variables may com-

pensate for one another, reinforcing the importance of taking an integrative approach 

to profiling language learners.  

 

 

 

5.1 Introduction    

 

Variation in second language (L2) learning outcomes depends on a wide variety of 

factors, both internal and external to the learner. In the field of second language ac-

quisition (SLA), there has been extensive research into the role of learner individual 

differences (IDs). IDs can be broadly defined as “characteristics which make learners 

different from each other and which affect the way that they behave in the classroom 

 

 
* This chapter is a slightly modified version of: Freeborn, L., Andringa, S., & Rispens, J. 

(2026). An integrative approach to profiling language learners. System, 104, 104055.    
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and beyond” (Griffiths & Soruç, 2021, p. 348). While there is no consensus among 

SLA scholars as to what should be included as IDs (see Griffiths & Soruç, 2021), ID 

variables can be loosely categorized into cognitive, affective, conative, and demo-

graphic/sociocultural domains (see Li et al., 2022). Cognitive learner attributes that 

influence L2 learning include memory, phonetic coding ability, intelligence, and met-

alinguistic awareness (Wen et al., 2023). Affective IDs refer to temperaments and 

emotions, such as enjoyment, anxiety, self-beliefs, and attitudes (Snow & Jackson, 

1997). Conation includes both motivational and volitional ID constructs, such as in-

tended effort, self-regulation, and achievement orientations (Snow & Jackson, 1997). 

The relationship between different learner attributes and L2 learning is also inter-

twined with demographic IDs and prior L2 experience. For example, studies have 

shown that higher cognitive aptitudes are associated with more previous language 

learning experience (Sáfár & Kormos, 2008) and higher levels of multilingualism 

(Thompson, 2013), while the relationship between motivation and L2 achievement 

can depend on whether the L2 is being learned in a second or foreign language context 

(Qi, 2022).  

Although many different factors influence L2 learning, few studies have 

taken an integrative approach to consider the combined impact of IDs across cogni-

tive, affective, conative, and contextual domains. There is still a limited understanding 

of how various IDs interact in shaping L2 learning. To take a broader perspective, 

Snow’s (1980, 1992) theory of aptitude complexes provides a useful framework for 

examining the joint functioning of IDs in learning. In our previous research (Freeborn 

et al., 2025), we took a variable-centered approach to explore Snow’s theory of apti-

tude complexes in a sample of 544 learners of L2 Dutch. We identified five commu-

nities of closely-related ID variables: cognitive abilities, proficiency and use, motiva-

tion and effort, self-beliefs and emotion, and pro-social behaviors. By taking a varia-

ble-centered approach, we aimed to understand the relationships between variables 

for our total sample of learners. This approach assumes homogeneity between learn-

ers, where average scores are thought to be generalizable to the larger sample (Howard 

& Hoffman, 2017; Saqr et al., 2024). However, it is also important to consider the 

level of heterogeneity within our sample, and whether there are subgroups of learners 
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who share similar abilities and attributes. Person-centered approaches relax the as-

sumption of homogeneity and can be used to identify distinct subgroups within a 

larger sample that have similar characteristics (Howard & Hoffman, 2017). People 

may draw on different attributes for L2 learning, for example some relying more on 

cognitive abilities, others on motivation or personality. Insight into different learner 

profiles is not only valuable scientifically, but is also relevant for L2 education 

adapted to learners’ needs.  

In the present study we build on our previous analyses, taking a person-cen-

tered approach, using cluster analysis to identify groups of learners that share similar 

attributes. Unlike earlier studies that focused on a narrow set of similar variables, we 

take a broad perspective to profiling language learners, considering cognitive abilities, 

pro-social behaviors, motivation, self-beliefs, level of multilingualism, and prior 

Dutch experience. Guided by Snow’s theory of aptitude complexes and Complex Dy-

namic Systems Theory (CDST), we examine (1) how different domains of ID varia-

bles contribute to learner profiles and (2) the relationship between different profiles 

and L2 learning.  

 

5.2 Background  

 

5.2.1 Integrative approaches to understanding language learning  

 

Integrative approaches to language learning emphasize the interplay between cogni-

tive, affective, and conative processes, and recognize the diverse competencies and 

experiences that learners possess. SLA studies have shown that L2 learning is depend-

ent on combinations of different abilities, traits, and behaviors (e.g., Cochran et al., 

2010; Ehrman et al., 1995; Gardner et al., 1997). L2 learning is also dependent on 

several demographic IDs and learner background characteristics. For example, the re-

lationship between ID variables and learning outcomes can be moderated by the 

amount and quality of L2 use outside the classroom (de Wilde & Lowie, 2024; Sun et 

al., 2023), the role of the L2 in society (Cadierno et al., 2024), and proficiency level 

(Danesh & Shahnazari, 2020). 
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To work towards an integrative theory of language learning, Snow’s theory 

of aptitude complexes provides a useful theoretical framework. Snow (1987, 1992) 

took a broad view of aptitude, considering all potential learner IDs as aptitudes. Snow 

also stressed the importance of considering affective and conative aptitudes in com-

bination with cognitive aptitudes. The term aptitude complexes refers to constellations 

of higher-order abilities and traits that interact with instructional treatments to influ-

ence learning outcomes (Snow, 1992). Snow emphasized the importance of consider-

ing interactions between learners’ inner environments and the outer environment of 

the situation and context, viewing this interface as an associative network. In his work 

for example, Snow (1992, p. 23) likened aptitudes to components of a system, “prob-

abilistically interconnected in multiple associative networks”.  

Snow’s theory of aptitude complexes has many parallels with Complex Dy-

namic Systems Theory (CDST). From a CDST perspective, each learner has a multi-

linguistic system, “consisting of many interacting subsystems, emerging in a specific 

and dynamic communicative context” (van Dijk et al., 2024, p. 3). For example, sys-

tem components may include memory, intentionality, L1 and L2 abilities, and moti-

vation (de Bot et al., 2007). System resources are compensatory, dependent on inter-

actions between learner-internal resources and the external L2 learning context (de 

Bot et al., 2007). Snow (1989a) also considered whether all types of aptitude are uni-

formly valuable, and whether certain aptitudes may have conciliatory, or complemen-

tary relationships with other aptitudes. Given these complex interactions, the process 

of L2 learning is not the same for all learners. This is known as the ergodicity problem 

in SLA and refers to the challenge of generalizing findings from group studies to in-

dividuals, and vice-versa (Lowie and Verspoor, 2019). Although not all learners fol-

low the same trajectories and achieve the same learning outcomes, it is possible to 

identify groups of learners that share similar characteristics (De Wilde & Lowie, 

2024). For example, De Wilde and Lowie (2024) took a person-centered approach to 

explore whether individual learning trajectories can be generalized to the group. Using 

cluster analysis, De Wilde and Lowie (2024) demonstrated how non-ergodic learner 

data can be meaningfully grouped, bridging the gap between individual variability and 

group generalizability.  
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5.2.2 Profiling language learners 

 

Cluster-analytic techniques (e.g., cluster analysis and latent profile analysis) reduce 

complexity in multivariate datasets by grouping learners that share similar character-

istics. Cluster analysis is an exploratory, person-centered approach used to identify 

homogenous subgroups within a larger sample (De Wilde & Lowie, 2024). As Saqr 

et al. (2024, p. 3) have described, “the person-centered approach strikes a balance 

between assuming complete heterogeneity and complete homogeneity”, providing a 

more nuanced understanding of learner similarities and differences. In SLA research, 

several studies have used cluster-analytic techniques to profile learners (see Crowther 

et al., 2021), for example based on cognitive abilities (Sparks et al., 2012), emotions 

(Tsang & Yeung, 2024) and motivation (Zhang et al., 2024).  

Profiling language learners more holistically could lead to greater theory-

building about how cognitive, affective and conative aptitudes interact with instruc-

tional treatments. An integrative approach to profiling learners could also lead to more 

hypothesis-testing about the relative importance of particular ID variables, across 

learner populations and contexts. While we know that there are different routes to L2 

learning success (e.g., De Wilde & Lowie, 2024; Lowie & Verspoor, 2019; Wirtz & 

Pfenninger, 2024), we know little about the composition of different learner profiles 

across different domains of ID variables, or how they relate to L2 outcomes.  

From a pedagogical perspective, profiling could help identify learners who 

need additional support or early intervention. Identifying learner profiles could also 

be used to tailor instruction to better meet learners’ needs and preferences. This idea 

refers to aptitude-treatment interaction (ATI), a key aspect of Snow’s theory of apti-

tude complexes (Snow, 1980). In addition, if taking an integrative approach to profil-

ing learners, considering ID variables from different domains, we may be able to adapt 

instruction or materials to better match learners’ strengths and weaknesses. As Snow 

and colleagues reflected, “For the common goals of any instructional unit or domain, 

there would need to be alternative instructional treatments to fit the major differences 
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in aptitude profiles among students, so that persistent inaptitudes could be circum-

vented while clearly important aptitudes were capitalized upon” (Snow & Lohman, 

1984, p. 350).    

 

5.2.3 Learner profiles in SLA research  

 

Several SLA studies have used cluster-analytic techniques to identify groups of learn-

ers that share similar characteristics (see Crowther et al., 2021). Some have focused 

on cognitive profiles (e.g., Ranta, 2002; Sparks et al., 2012), while more researchers 

profiled learners based on affective and conative ID variables (e.g., Papi & Teimouri, 

2014; Peng et al., 2022a). In research on cognitive profiles, learners have been clus-

tered based on cognitive aptitudes such as memory, language analytic ability, phonetic 

coding ability, intelligence, and L1 abilities. For example, Sparks et al. (2012) identi-

fied clusters of high-, average-, and low-achieving students in a sample of 208 high 

school L2 learners. They found that for each cluster, L1 abilities and cognitive abilities 

corresponded to participants’ L2 proficiency achievement. In studies of teenage learn-

ers of L2 English, Ranta (2002) and Rysiewicz (2008) both identified learner profiles 

with high, low, and mixed cognitive abilities. Rysiewicz (2008) found that learner 

profiles were best separated by differences in L1 vocabulary, inductive language rea-

soning, and non-verbal IQ, but each cluster performed very similarly on memory 

tasks. Overall, these findings indicate that learners have distinct cognitive profiles that 

are often related to L2 proficiency level. Beyond this, however, we know little about 

how different cognitive profiles might relate to L2 learning over time, or how cogni-

tive profiles interact with other learner IDs.   

In comparison to cognitive profiles, more studies have profiled language 

learners based on affective and conative IDs (e.g., Csizér & Dörnyei, 2005; Papi & 

Teimouri, 2014; Peng et al., 2022a; Teimouri et al., 2022; Yun et al., 2018), some-

times incorporating contextual IDs such as L2 use (Peng et al., 2022a), family influ-

ence (Papi & Teimouri, 2014), and teacher-student relationships (Yun et al., 2018). 

For example, Peng et al. (2022a) explored the profiles of 238 learners of English in 
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China based on their engagement with informal mobile language learning. They clus-

tered learners based on the amount of time they spent using English outside the class-

room, across different resources and activities. Clusters were compared across crite-

rion measures of motivation, emotion, proficiency level, and perceived improvement 

over time. Peng et al. (2022a) reasoned that having a better understanding of learners’ 

engagement with extramural English could help teachers to adapt tasks and materials 

according to learners’ preferred experiences and language needs, and/or potentially 

compensate for less practice outside of class. In a similar way, several studies have 

examined learners’ motivational and self-regulatory profiles in order to gain a more 

nuanced understanding of learners and potentially inform pedagogy (e.g., Csizér & 

Dörnyei, 2005; Liu & Oga-Baldwin, 2022; Nie et al., 2024; Papi & Teimouri, 2014). 

For instance, Liu and Oga-Baldwin (2022) compared the motivational profiles of 523 

students in China who were learning both English and a language other than English 

(LOTE). For many of the students, their motivational profiles were specific to the 

language being studied. There were also differences between the English and LOTE 

motivational profiles in comparison with criterion measures of emotions and profi-

ciency level.   

When comparing findings of studies that have profiled language learners 

based on affective and conative ID variables, there are some commonalities. Notably, 

several studies have identified contrasting groups of learners; some with very high 

motivation and/or positive emotions, and some with very low motivation and/or neg-

ative emotions (e.g., Csizér & Dörnyei, 2005; Dunn & Iwaniec, 2022; Papi & Tei-

mouri, 2014; Nie et al., 2024; Tsang & Yeung, 2024; Yun et al., 2018). For instance, 

these contrasting profiles have been labelled as “high-flying” versus “uninvested” 

(Dunn & Iwaniec, 2022), “thrivers” versus “dependent” (Yun et al., 2018), and “opti-

mal” versus “unmotivated” (Nie et al., 2024). However, in previous studies, affective 

and conative ID variables have been used interchangeably, both as clustering (predic-

tor) variables to determine profiles and as criterion (outcome) variables to compare 

profiles. This makes it difficult to draw further comparisons between study findings. 

For example, motivation has been used as a clustering variable with anxiety as a cri-

terion variable (Papi & Teimouri, 2014; Zhang et al., 2024), while anxiety has also 
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been used as a clustering variable, with motivation as a criterion measure (Tsang & 

Yeung, 2024). In other studies, both motivation and anxiety have been used as clus-

tering variables, with other criterion variables (Peng et al., 2022a; Yun et al., 20118). 

Taking a more uniform or systematic approach to learner profiles could allow for bet-

ter comparability between study findings.  

 

5.2.4  Linking learner profiles to proficiency level  

 

Many SLA cluster analysis studies have compared learner profiles with criterion 

measures of L2 proficiency level. Studies about cognitive profiles have found associ-

ations between higher cognitive ability and higher L2 proficiency level (Ranta, 2002; 

Rysiewicz, 2008; Sparks et al., 2012). Similarly, studies clustering learners based on 

affective and conative IDs often report a linear relationship between motivation or 

positive emotions and L2 proficiency level (e.g., Csizér & Dörnyei, 2005; Dunn & 

Iwaniec, 2022; Papi & Teimouri, 2014; Nie et al., 2024; Tsang & Yeung, 2024; Yun 

et al., 2018). These findings are understandable in many ways. There is a large body 

of research on motivation-achievement cycles in learning, and considerable evidence 

of reciprocal, positive influences between motivation and achievement over time (see 

Vu et al., 2022). Yet the results of some SLA studies about motivation profiles have 

challenged the assumption that higher motivation is always matched with higher L2 

proficiency level (Dunn & Iwaniec, 2021; Gao, 2024). For example, in addition to the 

“high-flying” and “uninvested” profiles, which comprised learners with high and low 

proficiency levels respectively, Dunn and Iwaniec (2021) also identified an “aspira-

tional” profile, which comprised learners with low proficiency level and high motiva-

tion. From a theoretical perspective, we would also not necessarily assume that all 

beginner L2 learners lack in motivation.   

While proficiency level is often used as a criterion variable, few studies have 

used it as a clustering variable, to determine learner profiles. In one study, Gao (2024) 

used factor mixture modelling to identify latent profiles based on three dimensions of 

foreign language enjoyment, and learners’ proficiency level. Findings showed differ-

ent associations between dimensions of enjoyment and proficiency level for each 
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learner profile, indicating nuanced relationships between emotions and proficiency 

level. In a longitudinal study, Graham et al. (2020) explored the relationship between 

reading strategies and changes in self-efficacy over time, with 529 students in their 

first year of secondary school beginning L2 French. As some learners had previously 

received some French instruction and exposure at primary school, learners were pro-

filed at the start of the school year based on three measures of French knowledge: 

reading comprehension, reading strategies, and vocabulary knowledge. For the fol-

lowing 16 weeks, learners took part in one of three reading self-efficacy interventions, 

focused on strategies, phonics, or text only. The most gains in self-efficacy were made 

by the profile with the lowest starting proficiency level, and by students who received 

the strategy instruction intervention. Overall, Graham et al. (2020) identified three 

different profiles of beginner learners of L2 French, who responded to the reading 

interventions in distinct ways. These findings highlight the need for more attention 

regarding the role of prior knowledge and proficiency level in determining learner 

profiles. The relationship between prior knowledge and learning is known to be me-

diated by many learning processes and learner attributes, such as attention, strategy 

use, cognitive load, motivation, and self-regulation (see Schneider & Simonsmeier, 

2025), but remains an under-explored area of cluster-analytic approaches in SLA re-

search.  

 

5.2.5 Linking learner profiles to L2 learning over time   

 

At this point, it is important to note the distinction between proficiency level and 

learning. Many studies of learner profiles have included proficiency level as an out-

come variable, but few have included a measure of L2 learning over time. For exam-

ple, in studies about motivational profiles, proficiency level has been referred to as 

“learning outcomes” (Liu & Oga-Baldwin, 2022; Teimouri et al., 2022), and “learning 

achievement” (Bai et al., 2025; Zhang & Zhang, 2024). With this wording, there is 

often an implicit assumption that learners with low motivational profiles will make 

little L2 learning progress, but this is not actually known. Similar assumptions have 

been made about cognitive profiles, with learners that have low L2 proficiency and 
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low cognitive abilities being described as “unsuccessful” (Ranta, 2002; Rysiewicz, 

2008; Sparks et al., 2012). Although some studies of cognitive profiles included lon-

gitudinal measures of L2 achievement, they did not control for initial L2 proficiency 

level (Ranta, 2002; Sparks et al., 2012). Consequently, for many studies about L2 

learner profiles, we cannot draw conclusions about the relationship between learner 

profiles and subsequent learning. This is problematic, as there are likely different 

routes to L2 learning for different groups of learners. For example, several studies 

have found that motivation tends to be more important at later stages of language 

learning, while cognitive abilities are more important for initial stages (Csapó & Ni-

kolov, 2009; Li, 2016; Serafini & Sanz, 2016). In order to understand how different 

types of learner profiles relate to L2 learning, we need more robust, longitudinal 

measures of L2 learning, while also considering the role of prior L2 knowledge.  

Few SLA studies have included a longitudinal element, to explore the rela-

tionship between different profiles and L2 learning over time. In one study, Tsang and 

Yeung (2024) examined the relationship between the emotional profiles of 98 children 

learning English in Hong Kong and their English development one year later. They 

identified three emotional profiles: one with negative emotions, one high in enjoy-

ment, and one mixed profile with learners who had both high enjoyment and high 

anxiety. When comparing the growth trajectories of each profile, Tsang and Yeung 

(2024) found that the high enjoyment and mixed profiles made significantly more 

improvement in writing compared to the negative emotions profile. In another longi-

tudinal study, De Wilde and Lowie (2024) tracked the L2 English speaking develop-

ment of 61 Flemish children in their first year of secondary school. Learners were 

clustered based on ID variables measured at the start of the study, including L2 vo-

cabulary knowledge, L1 vocabulary knowledge, L2 social media use, L2 gaming, and 

L2 self-confidence. The profile with the most improved speaking skills “seemed to 

benefit from the combination of their prior L2 knowledge, extra input outside the 

classroom, and a high linguistic self-confidence” (De Wilde & Lowie, 2024, p. 27). 

In another study, Yamamori et al. (2003) explored the relationship between strategy 

use, will to learn, and L2 proficiency level with 81 Japanese learners of L2 English 

over one year. Based on aggregated scores from three time points, they identified four 



An integrative approach to profiling language learners 
 
 

 

 

 

 

 

 

 

123 

learner profiles: two with high proficiency scores, and two with low proficiency 

scores, but each with different amounts of will to learn and strategies. The two groups 

that increased most in proficiency level over the year both had strong wills to learn, 

but had distinct patterns of strategy use. Based on these findings, Yamamori et al. 

(2003) reasoned that different patterns of strategy use can be equally effective in learn-

ing, and that there are multiple routes to L2 learning success.  

While cluster analysis is becoming more popular in SLA research, research-

ers have typically focused on a small number of variables from similar domains. Few 

studies have profiled learners more holistically, combining cognitive, affective, and 

conative ID variables, and prior knowledge. It is likely that different combinations of 

variables predict learning, for different groups of learners. As Yamamori et al. (2003, 

p. 403) have stated, “multiple factors affect learning to varying degrees among indi-

vidual learners, thus yielding different learner types. […] It must be noted that there 

are different learner types that are constructed by a complex combination of various 

factors at differing degrees”. More research is needed into the potential compensatory 

relationships within learner profiles, and different pathways to L2 learning. It may be 

that some types of aptitude are more important for some learners, and/or that some 

aptitudes are more (or less) compatible with other aptitudes. There is also a lack of 

research into the profiles of those learning languages other than English (LOTE). 

While previous research has focused on profiling learners of L2 English, there is evi-

dence that LOTE learners often have different motivations and attitudes (McEown & 

Sugita-McEown, 2020; Zheng et al., 2019). We know relatively little about learner 

profiles in LOTE contexts, including learners of L2 Dutch in the Netherlands.  

 

5.2.6 Overview of the present study  

 

This study builds on our previous research (Freeborn et al., 2025), where we con-

ducted a study of language aptitude with 544 learners of L2 Dutch. Previously, we 

took a variable-centered approach, using exploratory graph analysis (EGA) to exam-

ine the relationships between 24 ID variables from across cognitive, affective, cona-

tive, and demographic/contextual domains. Five different communities of variables 
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emerged: cognitive abilities, proficiency and use, motivation and effort, self-beliefs 

and emotion, and pro-social behaviors. Each community represents a different type of 

aptitude for L2 learning. When examining the relationships between the five commu-

nities and L2 learning gains, we found that there were strong moderating effects of ID 

variables related to learner demographics and previous experience. Similarly to pre-

vious studies (e.g., Cadierno et al., 2024; Danesh & Shahnazari, 2020; Tsang & 

Yeung, 2024) we found complex patterns of interactions between variables, whereby 

the effects of motivation and emotion on L2 learning were partly dependent on par-

ticipants’ proficiency level, length of residence, and amount of L2 use. Our findings 

highlighted the importance of considering the level of heterogeneity of this group of 

learners, and the potential influence of contextual variables in shaping language apti-

tude profiles. We explore this idea in the present study, using cluster analysis to de-

termine whether there are sub-groups of learners within our sample that share similar 

learner profiles, and whether certain profiles make more L2 gains over time. We con-

ducted the cluster analysis using composite scores of the five communities, and a sin-

gle variable of multilingualism. We aimed to answer the following research questions:  

1. Do distinct learner profiles emerge in a sample of L2 Dutch learners?  

2. If so, how do different learner profiles relate to L2 learning?  

5.3 Method 

 

All experimental materials and statistical analyses are available in online supporting 

information (https://osf.io/hjcvz/files/osfstorage).  

 

5.3.1 Participants and context  

 

Participants were 544 adults (66% female) enrolled on Dutch language courses across 

the Netherlands, aged between 18 to 75 years old (M = 30.50, SD = 8.67). Participants 

had been living in the Netherlands for varying amounts of time (M = 26.02 months, 

SD = 25.83). Some had recently arrived (0 months), while the longest length of resi-

dence (LOR) was 14 years (172 months). The sample was highly educated, as 90% of 
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participants had a university degree. Participants came from 61 different L1 back-

grounds. Most participants were enrolled on beginner to pre-intermediate Dutch 

courses: 202 participants (37%) were taking 0-A1 courses, 139 participants (25%) 

were taking A1-A2 courses, and 101 (18%) were taking A2-B1.1 courses. The re-

maining 20% of participants were enrolled on intermediate and advanced courses.  

 

5.3.2 Data collection  

 

Given the study context and participants’ diverse L1 backgrounds, the study was con-

ducted in English. Participants reported a minimum level of A2 English in the lan-

guage background questionnaire. When recruiting participants, we targeted language 

schools and university language centers that provided Dutch courses for people who 

tended to be highly educated, as we knew they were likely to have knowledge of Eng-

lish. Participants joined the study at the start of their Dutch course (T1) and completed 

their aptitude profile, via a website designed for the study. The profile consisted of a 

language background questionnaire, cognitive tasks, questionnaires related to affec-

tive and conative variables, and a C-test to measure initial Dutch language profi-

ciency. At the end of their Dutch course (T2), participants took the C-test again, which 

served as a measure of L2 gains. Of the 544 participants who complete their profiles 

at T1, 384 (70%) returned to take the C-test again at T2.  

 

5.3.3 Measures 

 

The study included 24 variables from across cognitive, affective, conative, and con-

textual domains of learning, as well as one measure of L2 learning gains. In our pre-

vious study (the authors, 2025), exploratory graph analysis (EGA) resulted in five 

different communities of variables. For analyses in the current study, we created com-

posite scores of the five communities, derived from the network loadings in our pre-

vious analyses. Composite network scores are similar to factor scores, and are 

weighted based on the strength of each node within each community (Christensen & 

Golino, 2021). Below, we list each composite variable with a brief description of the 
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ID variables it comprises, with the ID variables listed in order of strength of network 

loadings. While each composite contains several different variables, for reasons of 

simplicity and interpretability we have labelled each composite to best represent the 

variable(s) that had the highest network loadings. We provide the full table of network 

loadings in online supplementary materials. In addition to the five composites, we 

included a separate measure of level of multilingualism. In our previous analyses, 

level of multilingualism did not have significant network loadings on any community, 

but it was one of the few variables that had a direct association with L2 gains. For this 

reason, we included it in this study as a separate variable. The five composite variables 

and level of multilingualism were used as clustering variables. In addition to these six 

clustering variables, we included a measure of L2 gains as a criterion (outcome) var-

iable to assess whether different clusters were associated with different amounts of L2 

learning over time.  

 

5.3.3.1 Clustering variables  

 

Cognitive abilities (composite of 5 variables) 

• Complex working memory is the ability to temporarily store information 

while processing other information (operation span task, Oswald et al., 

2015).  

• Simple working memory is the ability to temporarily store and process infor-

mation (forward digit span test from the Wechsler Adult Intelligence Scale 

(WAIS), Wechsler, 1997).  

• Sound recognition refers to the capacity to listen to and recognize repeated 

words (LLAMA D, Rogers et al., 2023).  

• Non-verbal intelligence refers to the ability to analyze and manipulate visual 

information (Raven’s Standard Progressive Matrices (RSPM), Bilker et al., 

2012).  

• Age in years (which is negatively related to the four cognitive abilities).   
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Motivation (composite of 6 variables)  

• Ideal L2 self is a source of language learning motivation pertaining to the 

imagined future self (5 items, α = .80, adapted from Hiver and Al-Hoorie, 

2020).  

• Intended effort is a type of motivated behavior which refers to the amount of 

effort made to learn a language (5 items, α = .82, adapted from Hiver and Al-

Hoorie, 2020).  

• Integrativeness refers to being motivated to learn a language to better inte-

grate within the target community (4 items, α = .80, adapted from the Atti-

tude/Motivation Test Battery (AMTB) by Gardner et al., 2004).  

• Attitudes towards learning Dutch refers to learners’ feelings about language 

learning (4 items, α = .79, adapted from the ATMB, Gardner et al. 2004).  

• Willingness to communicate (WTC) is a type of motivated behavior, focused 

on how willing learners are to use the L2 in different situations (8 items, α = 

.91, adapted from MacIntyre et al., 1999).  

• Ought-to L2 self is a source of extrinsic relation related to the language abil-

ities one should have, in order to avoid negative outcomes (5 items, α = .83, 

adapted from Hiver and Al-Hoorie, 2020).  

 

Self-beliefs (composite of 5 variables)  

• Self-efficacy refers to students’ beliefs about their language learning abilities 

(9 items, α = .91, adapted from the Motivated Strategies for Learning Ques-

tionnaire (MSLQ), Pintrich & de Groot, 1990).  

• Self-regulation refers to the monitoring of cognitive skills and behavior dur-

ing tasks (9 items, α = .73, adapted from the MSLQ, Pintrich & de Groot, 

1990).  

• Anxiety relates to feelings of uneasiness or worry in the language classroom 

(8 items, α = .89, the Short-form Foreign Language Anxiety Scale, Botes et 

al., 2022b).  
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• Conscientiousness is a personality trait related to being responsible, orga-

nized, and diligent (10 items, α = .80, IPIP version of Goldberg, 1992).  

• Emotional stability is a personality trait that refers to how calm, composed, 

and emotionally consistent someone is (10 items, α = .88, IPIP version of 

Goldberg, 1992).  

 

Pro-social behaviors (composite of 3 variables)  

• Agreeableness is a personality trait that refers to whether someone considers 

themself kind, friendly, and considerate to others (10 items, α = .80, IPIP 

version of Goldberg, 1992).  

• Extraversion is a personality trait associated with how sociable, energetic, 

and outgoing someone considers themself is (10 items, α = .90, IPIP version 

of Goldberg, 1992).  

• Intellect/imagination is a personality trait related to intellectual and artistic 

curiosity, and openness to trying new things (10 items, α = .76, IPIP version 

of Goldberg, 1992).  

Prior Dutch experience (composite of 4 variables)7  

• When joining the study, participants provided information about the level of 

Dutch course they were enrolled on, which we scored from 1 to 7. Most par-

ticipants were enrolled on lower proficiency level courses, with 37% on 0-

A1 courses and 25% on A1-A2 courses.  

• L2 use was calculated as a sum score based on Likert-scale responses to how 

often participants used Dutch in four different situations outside the language 

classroom.   

 

 
7 Note that in our previous analysis, this composite was named “Proficiency and use” and 

contained the T1 C-test score. In the present study, we replaced this variable with level of 

Dutch course to avoid circularity, as we include the T1 and T2 C-test scores when assessing 

learners’ gains over time.  
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• Length of residence (LOR) was calculated as the number of months partici-

pants had been living in the Netherlands.  

• Attitudes towards the Dutch community refers to learners’ feelings about 

Dutch people and society (5 items, α = .81, adapted from the AMTB, Gardner 

et al. 2004).  

 

Multilingualism (1 variable) 

• We created a score for level of multilingualism based on responses on the 

language background questionnaire. Participants identified their L1(s) and 

gave a self-report rating of proficiency level for each listed L2 from six op-

tions (1 = A1 low beginner, 6 = C2 high advanced). We summed the profi-

ciency levels for each reported L2 (excluding L2 Dutch), for each participant.  

 

5.3.3.2 Criterion measures  

 

L2 learning gains  

We used a C-test to assess participants’ Dutch language proficiency and learning gains 

over time. Participants took the C-test at the start of their Dutch course (T1), at the 

same time as the other variables described above. At the end of their Dutch course 

(T2), participants took the C-test again. We scored the C-test using item response 

theory (IRT) to take into account both person ability and item difficulty. We calcu-

lated L2 gains by subtracting participants’ ability scores at T1 from T2. Note that out 

of the 544 who completed their aptitude profiles at T1, 384 returned to take the C-test 

at T2. This means that L2 gains was calculated for a smaller sample size of 384 par-

ticipants. We use the L2 gains as a criterion measure to answer our second research 

question, concerning how different learner profiles are related to L2 learning.   
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5.3.4 Data analysis   

 

We followed the cluster analysis procedures described in Crowther et al. (2021). We 

first converted the six clustering variables to z-scores, then conducted a hierarchical 

cluster analysis (HCA) with Ward’s linkage method. To determine the optimal num-

ber of clusters, we used the elbow method, the average silhouette method, gap statis-

tics, and inspected the dendrogram. To assess the interpretability of the different clus-

ter solutions, we compared them using statistical tests and by considering whether the 

different clusters were conceptually meaningful. We used non-parametric Kruskal-

Wallis tests because the data were not normally distributed and Levene’s test showed 

that the assumption of homogeneity of variance was not met. To visualize group dif-

ferences, we plotted the mean scores for the five composites for each of the clusters. 

After deciding on a final cluster solution, to assess differences between clusters we 

conducted Kruskal-Wallis tests and post-hoc Dunn’s tests of multiple comparisons 

with Holm corrections. To answer our second research question about the relationship 

between different aptitude profiles and L2 learning gains, we examined group differ-

ences in the amount of L2 gains. Analyses were done in R (R Core Team, 2023) using 

the cluster (Maechler et al., 2025) and factoextra (Kassambara & Mundt, 2020) pack-

ages, with plots made using ggplot2 (Wickham, 2016).  

 

5.4 Results 

 

We explored the optimal number of clusters following the steps outlined in 3.4, con-

sidering a 3-, 4-, and 5-cluster solution. With a 3-cluster solution, 235 learners be-

longed to cluster 1, 159 to cluster 2, and 150 to cluster 3. A visual inspection of the 

mean scores of the clustering variables showed that the three clusters differed more in 

terms of self-beliefs, and pro-social behaviors, but less in relation to the other cluster-

ing measures. With a 4-cluster solution, 90 learners left cluster 1 to form a fourth 

cluster. From visual inspections of the mean scores, there appeared to be meaningful 

differences between the newly-formed fourth cluster and cluster 1. Follow-up post-
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hoc comparisons showed that cluster 1 and 4 differed significantly across all six clus-

tering variables. We lastly considered whether a 5-cluster solution would identify an-

other meaningfully distinct sub-group of learners. With a 5-cluster solution, an addi-

tional 92 learners left cluster 1 to form a fifth cluster. Post-hoc comparisons showed 

that this new cluster had significantly higher self-beliefs and levels of multilingualism 

compared to cluster 1, as well as less prior Dutch experience. We considered these 

differences to be theoretically meaningful enough to keep the fifth cluster, and decided 

on a final solution of 5 clusters.   

 

5.4.1 Learner profiles  

 

With our first research question, we examined whether there were distinct groups of 

learners within our larger sample of L2 Dutch learners. Five distinct learner profiles 

emerged from the cluster analysis. Overall, the six clustering variables differed sig-

nificantly across the five clusters. Table 5.1 shows the mean scores of the six cluster-

ing variables per cluster, and results of the Kruskal-Walis comparison tests. Figure 

5.1 contains boxplots with the distribution of responses per cluster. We further exam-

ined differences between clusters with post hoc pairwise comparisons, using Dunn’s 

test with Holm corrections for multiple comparisons. This revealed a number of sig-

nificant differences between clusters for specific variables. We describe these for each 

cluster below, and provide full results of the post-hoc comparison tests in online sup-

plementary materials. In the following section, we describe each cluster and provide 

a label that best represents its key characteristics.  
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Figure 5.1. Boxplots with scores for the six clustering variables for each of the five 

clusters (N = 544) 

Note. Scores are shown as z-scores.  

 

Cluster 1: Higher cognitive abilities – lower self-belief 

Cluster 1 has 53 learners and is the smallest cluster. Learners in cluster 1 have the 

most prior Dutch experience in comparison to other clusters (p < .01 for all compari-

sons). These learners have high cognitive abilities compared to other clusters, but gen-

erally display weak attributes and characteristics for language learning: they have 

amongst the lowest amounts of self-beliefs, pro-social behaviors, motivation, and 

level of multilingualism when compared to the other clusters. 
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Cluster 2: Social learners – higher self-belief 

Cluster 2 consists of 159 learners and is the largest cluster. Learners in cluster 2 stand 

out for displaying the most pro-social behaviors and having the highest self-beliefs (p 

< .01 for all comparisons), and they also have the highest motivation. In relation to 

other clusters, these learners also have high levels of multilingualism, and moderate 

cognitive abilities. These learners have a moderate amount of prior Dutch experience 

relative to learners in other clusters; significantly less than clusters 1 and 3, and more 

than cluster 5.  

 

Cluster 3: Lower cognitive abilities – highly motivated 

Cluster 3 has 150 learners who have the lowest cognitive abilities (p < .001 for all 

comparisons). Learners in this cluster also display the lowest levels of multilingual-

ism. In terms of psychosocial characteristics, they have amongst the highest motiva-

tion of all clusters, and report moderate levels of self-beliefs and pro-social behaviors 

compared to other clusters. This group has the second highest amount of prior Dutch 

experience, and also shows the greatest variability compared to other clusters, indi-

cating these learners have different amounts of prior experience.   

 

Cluster 4: Highly multilingual – less social  

Cluster 4 has 92 learners with the highest level of multilingualism (p < .05 for all 

comparisons). In relation to other clusters, these learners have low to moderate levels 

of motivation and self-beliefs, and report the lowest pro-social behaviors. These learn-

ers have amongst the least amount of prior Dutch experience, and have high cognitive 

abilities relative to the other clusters.  

 

Cluster 5: Lower motivation  

Cluster 5 contains 90 learners with the least amount of prior Dutch experience. Com-

pared to the other clusters, they are the least motivated (p < .01 for all comparisons) 

and have amongst the lowest self-beliefs. These learners also display low cognitive 

abilities compared to the other clusters, but report moderate amounts of pro-social 

behaviors and moderate levels of multilingualism. 
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Table 5.1. Mean scores of clustering variables per cluster and results of Kruskal-Wal-

lis tests.  

 

 

Clustering 

variables  

Cluster 

1 

n = 53 

M (SD) 

Cluster 

2 

n =159 

M (SD) 

Cluster 

3  

n =150 

M (SD) 

Cluster 

4 

n = 92 

M (SD) 

Cluster 

5 

n = 90 

M (SD) 

 

Χ2 

 

p 

Cognitive 

abilities 

0.45 

(0.34) 

0.17 

(0.49) 

-0.53 

(0.44) 

0.51 

(0.38) 

-0.21 

(0.44) 

257.8 <. 

0001 

Motivation -0.38 

(0.74) 

0.54 

(0.66) 

0.50 

(0.72) 

-0.35 

(0.81) 

-1.21 

(0.72) 

249.63 <. 

0001 

Self-beliefs -0.67 

(0.78) 

0.63 

(0.85) 

0.04 

(0.90) 

-0.14 

(0.75) 

-0.64 

(0.87) 

135.31 <. 

0001 

Pro-social 

behaviors 

-0.48 

(0.50) 

0.50 

(0.40) 

-0.03 

(0.58) 

-0.52 

(0.50) 

-0.00 

(0.45) 

208.7 <. 

0001 

Multilin-

gualism 

-0.46 

(0.60) 

0.23 

(0.96) 

-0.45 

(0.94) 

0.62 

(1.03) 

-0.03 

(0.81) 

93.48 <. 

0001 

Prior Dutch 

experience 

0.69 

(0.49) 

-0.13 

(0.59) 

0.30 

(0.75) 

-0.31 

(0.40) 

-0.35 

(0.36) 

140.24 <. 

0001 

 

Note. Scores are shown as z-scores. N = 544. df = 4.  

 

5.4.2 Learner profiles and L2 learning 

 

Our second research question concerned the relationship between different learner 

profiles and L2 learning gains over time. Out of the total 544 participants, 384 returned 

at the end of their course to take the second Dutch test, meaning the analyses in this 

section were conducted with the smaller sample of 3848. Table 5.2 shows the mean 

L2 gains scores per cluster and results of the Kruskal-Walis comparison tests. Results 

showed that cluster 4 made the most gains, followed by clusters 2 and 5, while clusters 

1 and 3 made the least gains. Post hoc pairwise comparisons showed that clusters 4 

 

 
8 We also examined whether there were any differences in learner profiles between the full 

sample of 544 learners and the smaller sample of 384 learners who took the second Dutch 

test. Overall, the profiles of the smaller sample size were very similar to the full sample, with 

no meaningful differences. We report the full analyses in online supplementary materials.  
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and 2 made significantly more L2 gains than clusters 1 and 3 (p <.01). Cluster 5 made 

significantly more gains than cluster 1 (p <.05), but not compared to cluster 3. In 

Figure 5.2a, the boxplots show the distribution of raw L2 gain scores for each cluster.  

However, it is important to note that clusters 5, 4, and 2 had less prior Dutch 

experience compared to clusters 1 and 3. There is a possibility that the greater L2 

gains made by clusters 5, 4 and 2 could be partly explained by their lower starting 

proficiency level; it is widely recognized that learners typically require more time and 

instruction to move from A2 to B1 proficiency level for example, compared to from 

0 to A1 (Beningo et al., 2017). Because of this potential confound, we conducted a 

follow-up analysis to disentangle the effect of starting proficiency level from L2 gains. 

While this additional analysis is exploratory, we considered that it could provide a 

better understanding of how the different profiles are related to L2 learning. We con-

ducted a linear regression analysis to examine the effect of starting proficiency level 

(measured with the T1 C-test) on L2 gains for all participants. This allowed us to 

assess how much of the variation in L2 gains could be explained by starting profi-

ciency level alone. The linear regression model was statistically significant (F(1,382) 

= 143.6, p < .001), and explained around 27% of the variance in L2 gains (adjusted 

R² = .27). The regression coefficient for proficiency level was -0.25 with a standard 

error of 0.02. This negative relationship was statistically significant, t(382) = -11.98, 

p < .001, indicating that higher starting proficiency level was associated with less L2 

gains. Using this linear model, we then generated predicted L2 gains scores for all 

participants. In Figure 5.2b, the boxplots show how much of the variance in L2 gains 

can be explained by learners’ starting proficiency level alone. As shown in Figure 

5.2b, the clusters with lower starting proficiency levels (clusters 5, 4, and 2) made the 

most L2 gains, while clusters with higher starting proficiency levels (clusters 1 and 3) 

made fewer gains.  
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Figure 5.2. Boxplots with L2 gains scores for the five clusters (n = 384).  

 

 

To create an adjusted L2 gains score, we then subtracted the predicted L2 

gains scores (shown in Figure 5.2b) from the actual L2 gains scores (shown in Figure 

5.2a). The resulting values are the residuals, which represent the amount of L2 gains 

not explained by proficiency level. We used these residuals as adjusted L2 gains 

scores, allowing us to compare differences in L2 gains across learner profiles while 

controlling for differences in proficiency level. Figure 5.2c shows boxplots with the 

adjusted L2 gains per cluster. We also report the adjusted L2 gains scores in Table 

5.2.  
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Table 5.2. Mean scores of L2 gains per cluster and results of Kruskal-Wallis tests. 

 

 

 

 

Criterion 

variable  

Cluster 

1 

n = 

36/53 

M 

(SD) 

Cluster 2 

n = 

115/159 

M (SD) 

Cluster 

3 

n = 

95/150 

M (SD) 

Cluster 

4 

n = 

76/92 

M 

(SD) 

Cluster 

5 

n = 

62/90 

M 

(SD) 

Χ2 p 

L2 gains  0.56 

(0.44) 

1.01 

(1.10) 

0.68 

(0.59) 

1.04 

(0.90) 

0.90 

(0.87) 

18.93 0.0008 

Adjusted 

L2 gains 

0.07 

(0.47) 

0.13 

(0.88) 

-0.10 

(0.60) 

0.03 

(0.74) 

-0.18 

(0.81) 

11.82 0.01 

 

Note. Scores are shown as z-scores. df = 4. n = 384. We report the number of participants in 

each cluster, for both the smaller sample and the full sample.  

 

 

Based on the adjusted L2 gains scores, cluster 2 (social learners – higher self-belief) 

made the most gains, followed by cluster 1 (higher cognitive abilities – lower self-

belief), and cluster 4 (highly multilingual – less social). The least L2 gains were made 

by cluster 5 (lower motivation) and cluster 3 (lower cognitive abilities – highly moti-

vated). Kruskal-Wallis tests indicated that there were small differences in L2 gains 

between clusters after controlling for starting proficiency level. Post-hoc comparison 

tests showed that, after correcting for multiple comparisons, the only significant dif-

ference in adjusted L2 gains was between clusters 2 and 3.  

 

5.5 Discussion 

 

In this study, we conducted a cluster analysis to identify profiles of L2 Dutch learners 

and examined how these profiles related to learning outcomes. We took an integrative 

approach to profiling language learners, considering IDs from different domains, as 

well as the role of prior Dutch experience. We identified five distinct learner profiles. 

Learners in clusters 4 (highly multilingual – less social) and 5 (lower motivation) had 

similarly low prior Dutch experience, but their profiles differed in other aspects. For 
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example, cluster 4 displayed higher cognitive abilities, level of multilingualism, mo-

tivation, and self-beliefs in comparison to cluster 5. In general, learners in cluster 5 

appear to have the weakest profile, displaying lower cognitive abilities and lower 

scores across socio-affective traits compared to the other clusters. Cluster 2 (social 

learners with high self-belief) contained learners with slightly more prior Dutch ex-

perience in comparison with clusters 4 and 5. Cluster 2 displayed the most well-

rounded abilities overall, with the highest amount of self-beliefs, pro-social behaviors, 

and motivation, as well as high cognitive abilities and level of multilingualism. Lastly, 

clusters 1 (high cognitive abilities – lower self-belief) and 3 (lower cognitive abilities 

– highly motivated) had the most prior Dutch experience. As the smallest cluster, clus-

ter 1 included 53 learners with high cognitive abilities, but relatively low levels of 

socio-affective variables and multilingualism. Cluster 3, in contrast, contained learn-

ers with relatively low cognitive abilities and the highest level of motivation.  

In some ways, our findings are similar to other SLA research on learner pro-

files. For example, we identified two contrasting profiles; one with mostly negative 

attributes (cluster 5, lower motivation) and one with very positive attributes (cluster 

2, social learners – higher self-belief). Several other studies have identified groups of 

learners with very positive or negative characteristics, often in relation to motivation 

and self-regulation (Dunn & Iwaniec, 2021; Csizér & Dörnyei, 2005; Nie et al., 2024; 

Papi & Teimouri, 2014; Peng et al., 2022a; Yun et al., 2018). The learner profiles of 

cluster 2 in the present study might be comparable to the “high-flyers” in Dunn and 

Iwaniec (2021), the “optimal” group in Nie et al. (2024), and the “thrivers” in Yun et 

al. (2018). The other learner profiles were more mixed, displaying both positive and 

negative characteristics. Several other studies have also found mixed profiles, such as 

high cognitive abilities and low willingness to communicate (Anderson, 2014), and 

high enjoyment and high anxiety (Tsang & Yeung, 2024). In the present study for 

example, cluster 3 had low cognitive abilities and low levels of multilingualism com-

pared to other clusters, but had high motivation and self-beliefs. Even the two seem-

ingly weakest profiles displayed some positive characteristics; while cluster 5 had low 

motivation, self-beliefs, and cognitive abilities, these learners displayed moderate pro-

social behaviors and level of multilingualism. Similarly, while learners in cluster 1 
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reported low levels of multilingualism, self-beliefs, and pro-social behaviors, they had 

higher cognitive abilities. Considering these mixed profiles, there might be compen-

satory and/or complementary relationships between learner resources. This is in line 

with Snow’s (1989a) theory of aptitude complexes and a CDST framework (de Bot et 

al., 2007), where compensatory relationships between ID variables are inherent to the 

learning process, and reflect interactions between learner-internal resources and the 

external environment (de Bot et al., 2007).  

In other ways, our findings differ from previous research, as in contrast to 

other studies (Csizér & Dörnyei, 2005; Nie et al., 2024; Papi & Teimouri, 2014; Peng 

et al., 2022a; Yun et al., 2018), we did not find a linear relationship between prior 

experience and socio-affective variables. While studies often include L2 proficiency 

as a criterion variable, we included prior Dutch experience as a clustering variable9. 

This allowed for the identification of profiles with similar prior experience, but con-

trasting profiles in regards other attributes. For example, clusters 4 and 5 had similarly 

low amounts of prior Dutch experience, but differed across all other clustering varia-

bles. In contrast, cluster 1 had the most prior experience, but low motivation compared 

to other clusters. As we described in section 2.4, few previous studies have considered 

the role of proficiency level or prior experience as a clustering (predictor) variable, as 

proficiency level is typically used as a criterion (outcome) variable. This is perhaps 

surprising, considering that proficiency level is the only ID variable that is typically 

used to determine learner groups in schools and other educational settings. It is thus 

important to include proficiency level when identifying learner profiles, to better re-

flect how students are grouped in real-life.  

Our second research question examined the relationship between the five 

profiles and L2 learning gains. After controlling for starting proficiency level, cluster 

2 (social learners – higher self-belief) made the most L2 gains, followed by cluster 1. 

 

 
9 We measured prior Dutch experience as a composite of length of residence, L2 use, and 

level of Dutch course learners were enrolled on. We did not include proficiency level when 

clustering learners, to avoid overlap with analyses for our second research question. While 

proficiency level and prior experience are not equivalent, they are closely related, and so we 

draw comparison with previous cluster analysis studies measuring proficiency level.  
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Cluster 5 (lower motivation) made the least gains, followed by cluster 3. At first 

glance, this finding indicates the importance of socio-affective variables  (motivation, 

self-beliefs, and pro-social behaviors) in L2 learning. However, the mixed profiles 

complicate this interpretation. As the five profiles made similar amounts of L2 gains, 

we could speculate that each profile draws on different combinations of abilities and 

attributes. For example, cluster 2’s lower cognitive abilities and multilingualism 

might be compensated by higher motivation and self-beliefs. However, it is important 

to note that there were only small differences in L2 gains between clusters, and we 

must be cautious when interpreting these findings. Post-hoc comparison tests showed 

that the only significant difference in adjusted L2 gains scores was between clusters 

2 and 3. This could be due to several reasons, including large standard deviations, the 

smaller sample size, and issues of statistical power. In addition, we clustered learners 

based on five composite variables, derived from 24 individual variables. This data 

reduction obscures the relationship between L2 gains and individual ID variables, and 

the composite scores may not be sensitive enough to L2 gains.  

Profiling language learners could have broader pedagogical implications. As 

Snow (1989b) hypothesized, learner profiles could be used for formative purposes, to 

tailor instruction or inform an intervention. For example, learners with low self-beliefs 

could be supported by an intervention to improve their self-efficacy or self-regulation. 

Other learner attributes are considered to be less malleable, however. The composite 

variable we named pro-social behaviors consists of three personality traits (agreeable-

ness, extraversion, and intellect/imagination), that are relatively stable across the 

lifespan (Bleidorn et al., 2022). In this case, teachers could adapt tasks to better suit 

introverted and shy learners, and reduce their anxiety. On the other hand, it is also 

possible that if learners have low self-beliefs or pro-social behaviors for example, they 

likely have other compensatory resources. From this perspective, instead of trying to 

improve ‘inaptitudes’, teachers could draw more on learners’ strengths. In practice, it 

is also likely that teachers already accommodate for different learner profiles, tailoring 

materials and classroom tasks for their students, which might partly explain why the 

different profiles we identified made similar amounts of L2 gains.  
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In terms of theoretical implications, our findings highlight the importance of 

profiling learners more holistically. In this study, most profiles had mixed abilities 

and attributes, indicating that if learners are weaker in one aspect (such as lacking 

motivation, or having lower cognitive abilities), they are likely stronger in other as-

pects (such as higher multilingualism, or higher pro-social behaviors). There may be 

compensatory relationships between ID variables, as suggested by other scholars in 

relation to cognitive abilities and motivation for example (Graham, 2021). In addition, 

by including prior Dutch experience as a clustering variable, we identified profiles 

with similar amounts of prior experience, but contrasting profiles in other regards. 

Our findings were different from several other cluster analysis studies that found 

mostly linear relationships between proficiency level, motivation, and positive emo-

tions (Csizér & Dörnyei, 2005; Nie et al., 2024; Papi & Teimouri, 2014; Peng et al., 

2022a; Yun et al., 2018). This highlights the importance of considering prior experi-

ence when clustering learners. Future studies could further examine how cognitive, 

affective and conative ID variables are interrelated with prior L2 experience and other 

contextual variables. It would also be interesting to explore whether similar profiles 

emerge in other populations and contexts, compared to the five profiles of L2 Dutch 

learners we identified, and the stability of these profiles over time.  

 

.



 

  

 

 



 

Chapter 6 

 

Discussion 

 
This research project had two overarching aims. The first aim was theoretical, devel-

oping an integrative theory of language aptitude by combining different research 

strands in the field of second language acquisition (SLA). It is well-established that 

second language (L2) learning is influenced by numerous individual difference (ID) 

constructs, such as motivation, self-beliefs, emotions, cognitive abilities, and socio-

demographics (see Li et al., 2022). However, these IDs are typically studied in isola-

tion, and little is known about how combinations of IDs from different domains jointly 

contribute to L2 learning. Drawing on complex dynamic systems theory (CDST, see 

van Dijk et al., 2024) and Snow’s (1987, 1992) theory of aptitude complexes, we took 

an integrative view of language aptitude, assessing the combined influence of ID var-

iables on L2 learning from across different SLA research domains. CDST provided a 

useful, broad framework to conceptualize aptitude from a systems perspective, view-

ing language aptitude as a system that emerges through dynamic interaction and self-

organization between learner-internal components and the external environment. We 

used Snow’s theory of aptitude complexes to further refine this theory, examining 

interactions between ID variables from cognitive, affective, conative, and contextual 

domains, and how these ID variables relate to L2 learning. The second aim of this 

project was methodological, identifying methods of statistical analysis that are aligned 

with key concepts in CDST and fit with Snow’s theory of aptitude complexes. Using 

both cross-sectional and longitudinal data, we evaluated the application of network 

analysis, a novel methodology in the field of SLA, in relation to CDST concepts like 

mutual causality, emergence, nested phenomena, and the relative importance of sys-

tem components.  

In this discussion chapter, we summarize findings of the studies in this dis-

sertation and discuss how these findings relate to the wider field of SLA. First, we 

focus on methodology and the potential of network analysis in future SLA research, 



144    Towards an integrative theory of language aptitude  

 

 
concentrating on Chapters 2 and 3. Then, we focus on the construct of language apti-

tude and the empirical studies reported in Chapters 4 and 5. Lastly, we reflect on the 

theoretical and practical implications of working towards an integrative theory of ap-

titude.  

 

6.1 Summary and integration of findings  

 

6.1.1 The use of network analysis in SLA 

 

Chapter 2 – Network analysis for modeling complex systems in SLA research  

In Chapters 2 and 3, we introduced and empirically tested the application of network 

analysis in CDST-inspired SLA research. In Chapter 2, we focused on psychological 

network analysis with cross-sectional data. To illustrate this method, we provided two 

empirical examples of network models estimated from open access data. Our aim was 

to raise awareness of network analysis for SLA research, and to evaluate its af-

fordances and limitations, particularly in light of CDST. More specifically, we fo-

cused on network analysis with cross-sectional data, an underexplored area of CDST 

research in comparison to longitudinal (idiographic) approaches. We also assessed 

how similar the findings of our network analyses were to the original studies’ findings, 

and whether network analysis had any advantages over the original analyses. In the 

first example, we used network analysis to model the relationships between motiva-

tional constructs and L2 achievement with data from Hiver and Al-Hoorie (2020). In 

the second example, we created a network model of first language abilities with data 

from Dąbrowska’s (2018) study on individual differences in native language attain-

ment. We found that the network analyses reflected the same overall findings as the 

analyses in the original studies, but also offered some additional insights into the data. 

To illustrate, the centrality measures of our first network model of the L2 Motivational 

Self System (L2MSS) showed that items measuring intended effort had the strongest 

associations with other system components, indicating the potential influence of in-

tended effort on other motivational constructs. With our second example, by including 

all seven variables in the same network model (rather than conduct separate regression 



                                                                                                   
 

 

 

 

 

 

 

 

 

analyses for each measure of language knowledge as in the original study), we iden-

tified several moderating effects of other variables. For example, the relationship be-

tween language analytic ability and vocabulary knowledge appeared to be moderated 

by print exposure and nonverbal IQ. Overall, our analyses showed that psychological 

network analysis is a useful exploratory tool for analyzing cross-sectional data. In 

addition, network analysis does not require to specify variables as predictors or out-

comes (like in the original analyses), as the relationship between nodes is estimated 

simultaneously for each pair of variables in the network. As such, this method is 

highly data-driven, and particularly suitable for exploratory research.  

 

Chapter 3 – Unraveling the dynamics of language learning: Insights from temporal 

network analysis  

In Chapter 3, we evaluated the use of temporal network analysis with intensive longi-

tudinal data, to study the relationships between ID variables over time. We illustrated 

this method using time-series data that we collected throughout a 32-week Dutch lan-

guage course. In the study, a class of L2 Dutch learners responded to a weekly ques-

tionnaire about their level of motivation, anxiety, enjoyment, self-regulation, self-ef-

ficacy, and engagement. Similarly to Chapter 2, we aimed to assess the affordances 

and challenges of using this method for analyzing multivariate, temporal relationships 

in SLA data. We estimated three different networks, each offering a different perspec-

tive to understanding temporal relationships between ID variables. Our three research 

questions focused on (1) the relationships between variables over time (temporal net-

work), (2) the relationships between variables within the same time frame (contem-

poraneous network), and (3) how the variables are related over time and across sub-

jects (between network). Firstly, results of the temporal network showed autoregres-

sive effects of engagement and anxiety, meaning that students’ levels of engagement 

and anxiety in any given week were partly dependent on their levels of engagement 

and anxiety the previous week. The rest of the temporal network was empty, with no 

other lagged associations between variables. The contemporaneous network indicated 

that all ID variables were positively associated each week of the language course, 

except for anxiety which was not related to any other ID variables. Lastly, we found 
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that the between network did not reflect the same patterns of relationships between ID 

variables in the contemporaneous network, most notably concerning the relationship 

between engagement and self-regulation. This indicated potential intra-individual dif-

ferences, where self-regulation had a facilitative effect for some learners, and a pre-

ventative effect for other learners. The three networks can be seen as complementary 

of each other, showing three different perspectives to understanding temporal rela-

tionships among ID variables throughout an intensive language course.   

Taken together, the analyses in Chapters 2 and 3 show that network model-

ling can be a valuable, exploratory tool for SLA researchers. Network analysis is par-

ticularly useful for researchers working within a CDST framework because it has a 

closer conceptual alignment with CDST in comparison to methods developed within 

a latent variable theory framework. As we discussed in Chapters 2 and 3, it is im-

portant to remember that our methods of statistical analysis are rooted in theory. With 

network analysis, psychological constructs are viewed and modeled as systems, com-

prised of mutually causal components. This is in contrast to factor-analytic methods, 

where constructs are conceptualized and modeled as a latent, common cause. These 

competing causal explanations are reflected in the model; with (cross-sectional) net-

work models for example, the relationships between variables are undirected which 

represent hypothesized reciprocal causation, while factor models typically show uni-

directional relationships from variables to a common factor. In Chapter 2, we high-

lighted the use of network analysis for cross-sectional research, due to the lack of 

relation-intensive perspectives in CDST-inspired SLA research. The majority of 

CDST-inspired SLA research to date has been time-intensive, with dense measure-

ments of a single variable (or a small number of variables) over time. We showed how 

it is also important to consider systems from a relation-intensive perspective, focusing 

on interactions between system components, and system structure. Taking a relation-

intensive approach, for example by using centrality measures to assess the relative 

importance system components, could help inform the design of a network interven-

tion study. When extending to longitudinal data, temporal network analysis could also 

lead to greater hypothesis-generating in SLA research, as temporal predictions can 

potentially indicate causal relationships (Epskamp et al., 2018a). For CDST-inspired 



                                                                                                   
 

 

 

 

 

 

 

 

 

research, temporal network analysis could offer additional insights into processes of 

self-organization and attractor states.  

However, there are several aspects of network analysis that present chal-

lenges. For example, as we discussed in chapters 2 and 3, network analysis assumes 

linear associations between variables. This is problematic, as many aspects of L2 de-

velopment are known to be nonlinear (Kliesch & Pfenninger, 2021; Lowie & 

Verspoor, 2019), and it is unclear exactly how this may affect the estimation of net-

work models. To explore nonlinear trends in the data, it could also be meaningful to 

combine network analysis with other methods such as generalized additive mixed 

models (GAMMs). For example, De Wilde (2025) combined network analysis with 

GAMMs to model the development of vocabulary knowledge and amounts of extra-

mural English over time, as well as the interrelatedness of these processes. Other ap-

plications of network analysis are developing rapidly and might help solve this issue, 

as researchers are developing network models that can model nonlinear relationships 

with cross-sectional data (Slipetz et al., 2024) and time-series data (Armillotta & 

Fokianos, 2023). Temporal network analysis with longitudinal data presents consid-

erably more challenges than network analysis with cross-sectional data, for example 

in relation to stationarity and the handling of missing data. Estimating temporal net-

works also requires a large amount of data, which is difficult to obtain in most SLA 

settings, considering a balance between the number of participants, variables, and time 

points.  

 

6.1.2 An integrative approach to studying aptitude for L2 Dutch learning  

 

Chapter 4 – Aptitude complexes: Expanding our view of language aptitude  

In Chapters 4 and 5, we explored an integrative theory of language aptitude, drawing 

on CDST and Snow’s (1987, 1992) theory of aptitude complexes. We conducted a 

large study of language aptitude with 544 learners of L2 Dutch in the Netherlands, 

including 27 ID variables from different SLA research strands. In Chapter 4, we first 

took a variable-centered approach, to explore associations between variables from 

cognitive, affective, conative, and contextual domains. Following Snow (1987), we 
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built correlational networks to analyze interactions between different types of apti-

tudes (A-A) and interactions between aptitudes and learning outcomes (A-O). We 

used a type of network analysis called exploratory graph analysis (EGA), which 

groups closely-related variables together into communities. These communities can 

be thought of as different types of aptitudes. Note that while we do not conceptualize 

variables related to the L2 learning context (such as length of residence, L2 use, and 

proficiency level) as aptitudes per se, it was important to include them in analyses 

because they are known to moderate the relationships between other ID variables and 

L2 learning (references).  

Our aim was to identify (a) which communities of ID variables emerged, (b) 

through which variables communities were related, and (c) which variables were re-

lated to L2 learning. The analyses resulted in five communities: Cognitive Abilities, 

Proficiency and Use, Motivation and Effort, Self-beliefs and Emotion, and Pro-social 

behaviors. We found that these communities were interconnected via L2 use, intended 

effort, and attitudes towards learning Dutch. These three variables displayed signifi-

cant networks loadings for multiple communities, thus helping to explain the relation-

ships between different types of aptitude. Results showed that participants made more 

L2 learning gains if they felt less external pressure to learn Dutch and had higher 

levels of multilingualism. We also found strong moderating effects of contextual var-

iables: the relationship between L2 gains and L2 use depended on learners’ profi-

ciency level, as learners need to obtain a certain proficiency level in order to start 

using Dutch. In addition, the relationship between L2 gains and attitudes towards the 

Dutch community was dependent on how long participants had lived in the Nether-

lands; the longer participants had lived in the Netherlands, the more negative their 

attitudes were towards the Dutch community. These moderating effects may also in-

dicate group differences; we would likely find different associations between varia-

bles, for different groups of learners.   

 

 

 

 



                                                                                                   
 

 

 

 

 

 

 

 

 

Chapter 5 – Language aptitude profiles  

In Chapter 5, we took a person-centered approach, building on our analyses from 

Chapter 4. Using composite scores derived from the communities identified in Chap-

ter 4, we conducted a cluster analysis to identify whether there were groups of learners 

within our sample with similar aptitude profiles. We aimed to find out (a) whether 

different learner profiles emerged on the basis of different communities of ID varia-

bles and (b) how different learner profiles related to L2 learning gains. Learners were 

clustered based on six composite variables. We created five composite scores based 

on the five communities identified in the exploratory graph analysis in Chapter 4. We 

included level of multilingualism as a separate variable, as our previous analysis 

showed that it did not have significant network loadings on any community, but did 

have a significant relationship with L2 gains. Results of the cluster analysis identified 

five distinct learner profiles. One profile contained learners with mostly positive at-

tributes, with high motivation, pro-social behaviors, and strong self-beliefs, while one 

profile contained learners with mostly negative attributes, with low motivation and 

self-beliefs, and low cognitive abilities. The other three profiles contained learners 

with more mixed attributes, for example with lower cognitive abilities but higher mo-

tivation. These mixed profiles indicate potential compensatory relationships between 

different types of aptitudes, with learners relying on different combinations of re-

sources. This finding highlights the importance of taking an integrative approach to 

profiling language learners, considering different types of abilities and characteristics. 

However, we found only slight differences in L2 gains between profiles, and cannot 

draw strong conclusions about the relationship between different aptitude profiles and 

L2 learning gains over time.  

 

6.2 Theoretical implications of developing an integrative theory of language ap-

titude  

 

The aim of this research was to lay the initial groundwork towards an integrative the-

ory of language aptitude. Drawing on Snow’s (1987) theory of aptitude complexes, 
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we conceptualize language aptitude as a system of interacting traits, abilities, and be-

haviors. From this perspective, language learning is dependent on combinations of 

system components that work together and interact with the learning environment. 

Aptitude complexes refer to “critical combinations of aptitude variables” (Snow, 

1987, p. 19). Snow stressed the importance of bridging connections between different 

domains of ID constructs, reasoning that “the general improvement of instructional 

ultimately requires a ‘whole person’ view that integrates cognitive, conative, and af-

fective aspects of learning, and individual differences therein” (Snow & Farr, 1987, p. 

1, italics in original). In a similar way, we aimed to examine relationships between ID 

variables from across SLA research strands, and their relationships with L2 learning. 

In Chapter 4, we identified five communities of ID variables (Cognitive Abilities, 

Proficiency and Use10, Motivation and Effort, Self-beliefs and Emotion, and Pro-so-

cial Behaviors) and how these communities are interrelated, modeling their joint in-

fluence on L2 learning gains.  

The communities that we identified are largely similar to Snow’s provisional 

taxonomy of aptitude constructs (see Corno et al., 2002), although we found slightly 

different configurations between affective and conative aptitudes. Snow grouped af-

fective constructs into traits of temperament (e.g., sociability) and characteristic 

moods (e.g., positive affect), connecting each temperament and mood to personality 

traits (e.g., agreeableness) (see Corno et al., 2002). In our analyses, the smallest com-

munity of Pro-social Behaviors contained three personality traits (extroversion, agree-

ableness, and intellect/imagination). This aligns with Snow’s taxonomy of affective 

constructs (Corno, p. 85), in which these three personality traits correspond to socia-

bility and activity level (traits of temperament) and positive affect (characteristic 

moods). We found that the remaining two personality traits, conscientiousness and 

emotional stability, formed the community of Self-beliefs and Emotion, together with 

self-regulation, self-efficacy, attitudes to learning Dutch, and language classroom 

 

 
10 Note that we do not consider the community of Proficiency and Use as a type of aptitude 

per se, but it was important to include in analyses because variables in this community can 

moderate the relationships between other ID variables and L2 learning.  



                                                                                                   
 

 

 

 

 

 

 

 

 

anxiety. This community also aligns well with Snow’s affective taxonomy, with con-

scientiousness and emotional stability corresponding to impulse inhibition and emo-

tionality (traits of temperament), and feelings of constraint and negative affect (char-

acteristic moods). One difference that we found in comparison to Snow’s framework 

is that self-beliefs and attitudes were more closely related to affective constructs than 

motivational constructs. Snow grouped conative constructs into motivation (including 

motivational orientations, attitudes, and beliefs about self) and volition (including 

self-regulation and effort). In our analyses, the Motivation and Effort community only 

contained variables related to motivational orientations and effort. While attitudes to 

learning Dutch and beliefs about self were related to some ID variables from the Mo-

tivation and Effort community, they were more strongly related to affective constructs 

including anxiety and conscientiousness. In the context of language aptitude, we could 

expect to find slight differences in the relationships between these constructs, com-

pared to Snow’s context of STEM (science, technology, engineering, and mathemat-

ics) aptitude. In addition, Snow did not draw a sharp distinction between boundaries 

of behavioral constructs, and recognized that certain constructs relate to multiple do-

mains (Corno et al., 2002).  

While five distinct communities of ID variables emerged, there were many 

interactions between variables from different communities. In Chapter 4, we found 

that three variables (L2 use, intended effort, and attitudes towards learning Dutch) 

displayed network loadings on multiple communities. For example, attitudes towards 

learning Dutch was closely related to variables within the communities of Proficiency 

and Use, Motivation and Effort, and Self-beliefs and Emotion. This provides a better 

understanding of which specific components may play a larger, connecting role be-

tween IDs in language learning. As we discussed in Chapter 2, variables with cross-

loadings are often considered problematic if working within a latent variable frame-

work using factor analysis, and typically removed from analyses. But from a network 

perspective, variables with cross-loadings are known as bridge nodes, and are seen as 

useful indicators of how different domains of variables are interrelated (Fried, 2020). 

In the field of psychology for example, bridge nodes have been used to study how 

comorbidity of mental disorders spreads, and to develop focused interventions (Jones 
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et al., 2019). From our analyses in Chapter 4, attitudes towards learning Dutch, L2 

use, and intended effort appeared to bridge different communities of ID variables, and 

could be potentially targeted for treatment intervention in this population of L2 Dutch 

learners. The role of bridge nodes, as well as other centrality measures we discussed 

in Chapter 2, are worth further exploration in SLA research.   

The five communities that we identified can be thought of as higher-order 

aptitude complexes, formed out of interaction between different learner abilities, 

traits, characteristics, and the L2 context. Similarly to how Snow (1987) aimed to 

“map the terrain”, the results of our EGA function as a nomological network, showing 

how ID variables from across SLA research strands interact on a higher level. This 

idea was also discussed by Dörnyei (2010, p. 263) who, also drawing on CDST and 

Snow’s theory of aptitude complexes, stressed the importance of identifying “higher-

level amalgams or constellations of cognition, motivation, and affect” and their cu-

mulative influence on L2 learning. As we discussed in Chapters 1 and 4, other re-

searchers have highlighted the need to work towards a more general theory of lan-

guage learning and called for greater integration of SLA research strands (Atkinson 

et al., 2025; Dörnyei, 2010; Hulstijn, 2007; The Fir Douglas Group, 2016). Our anal-

yses demonstrate how we can begin to synthesize SLA research and why it is reward-

ing to consider a broader theory of language aptitude. From a macro perspective for 

example, we saw how different ID variables form communities related to Cognitive 

Abilities, Motivation and Effort, Self-belief and Emotion, Pro-social Behaviors, and 

Proficiency and Use. In turn, we learned that attitudes to learning Dutch, L2 use, and 

intended effort play key roles in connecting these communities. From a more micro 

perspective, we can zoom in to see which specific ID variables relate to L2 learning, 

as well as how these relationships are moderated by the L2 learning context. As Dai 

and Sternberg (2004, p. 17) have reflected, taking a multivariate, systems approach 

“implies that each dimension is relatively independent of others yet interrelated, and 

when combined with other traits, has added or multiplicative importance: in other 

words, the whole is larger than the sum of its parts”. 



                                                                                                   
 

 

 

 

 

 

 

 

 

We would expect the five communities to be relatively stable within the same 

group of learners over time, as well as in other L2 learning populations. This is be-

cause the communities align well with Snow’s provisional taxonomy of aptitude con-

structs, and are consistent with SLA research on learner IDs; many studies have iden-

tified close relationships between personality traits and affective constructs (Qi & Lin, 

2024), motivation and effort (Al-Hoorie, 2018; Qi, 2022), and cognitive abilities (Li, 

2016). However, in other learning populations, we might expect some differences in 

the relationships between communities, with stronger or weaker links between com-

munities, and potentially different bridge nodes. We would also not necessarily expect 

the same relationships between ID variables and L2 learning gains to replicate and 

generalize across populations and different L2 contexts. In Chapter 4 for example, 

while we found that extrinsic motivation (the ought-to L2 self) was directly related to 

L2 gains, previous research conducted with learners of L2 English has typically found 

intrinsic motivation (the ideal L2 self) to be more predictive of learning (reference). 

We also found that cognitive abilities had fewer, and weaker associations with ID 

variables from other communities, and were not directly related to L2 gains. This 

might be partly explained by our sample; they were highly educated, achieved rela-

tively high scores on two of the cognitive tasks, and all had some knowledge of Eng-

lish, which is typologically close to Dutch. In populations with lower literacy, or in 

the context of learning a more typologically distant language for example, cognitive 

abilities may play a more important role in L2 learning, and/or display different rela-

tionships with other ID variables.   

The relationship between ID variables and L2 gains also varies within our 

sample of L2 Dutch learners. In Chapter 5, we identified five distinct aptitude profiles 

in terms of level of multilingualism, motivation, cognitive abilities, and other apti-

tudes. Most profiles were characterized by mixed attributes, but did not differ signif-

icantly in terms of L2 learning gains. Thus, while our results from Chapter 4 demon-

strate that we can detect some commonalities between language learners and gain a 

general understanding of how different domains of ID variables are interrelated, our 

results from Chapter 5 show that we also need to recognize variation within learners 

and across contexts 
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Similarly, Snow and his colleagues considered there to be “relatively stable 

characteristics causally related to performance for at least some persons” (Corno et 

al., 2002, p. 84), while highlighting how the relationships between aptitudes and learn-

ing outcomes interact with instructional treatment. In taking first steps towards an 

integrative theory of aptitude, we followed Snow’s (1987) distillery model for apti-

tude analysis, first focusing on identifying relationships between aptitudes (A – A) 

and learning outcomes (A – O ). In our study, learners were enrolled on different 

Dutch language courses across the Netherlands, and we did not collect detailed infor-

mation about the course teaching methods or materials. In future, it is important to 

extend analyses to examine whether the same relationships between aptitudes and 

learning outcomes are found across different instructional treatments (A – T – O). In 

SLA research to date, aptitude interaction research has focused on interactions be-

tween cognitive aptitudes and learning outcomes under different learning conditions 

(see Yilmaz & Granena, 2019). We need to be extend this line of research to include 

conative and affective constructs, to understand how ID variables from different do-

mains jointly function under different instructional treatments.  

Conceptualizing language aptitude in relation to Snow’s theory of aptitude 

complexes and a CDST framework means viewing aptitude as a dynamic construct. 

In Chapter 3, we identified different temporal relationships among ID variables, where 

the relationships between variables within the same week did not always correspond 

to the same relationships between variables when averaged across the duration of the 

language course. We also found autoregressive effects, where students’ levels of 

classroom anxiety and engagement within a given week were partly dependent on 

their levels of anxiety and engagement the previous week. Systems can be studied at 

different levels of analysis (Marchand & Hilpert, 2018); the temporal network analy-

sis in Chapter 3 shows interactions between ID variables within a shorter timeframe, 

from a more micro, state perspective. In comparison, the network in Chapter 4 shows 

how ID variables interact to form higher-order communities from a more macro, trait 

perspective. In CDST, this process refers to self-organization, where the wider system 

emerges out of micro-level system behavior, and interactions between learner-internal 

components and the external learning environment (van Dijk et al., 2024). Snow 



                                                                                                   
 

 

 

 

 

 

 

 

 

(1992) also viewed aptitude as a dynamic construct, shaped by learners’ previous ex-

periences. Snow (1992, p. 23) described how each learner has an inner environment 

of multiple components that are “probabilistically interconnected in multiple associa-

tive networks; that is, the connections vary in strength to reflect the person’s learning 

history”. We saw patterns to this effect in Chapter 4; for example, the relationship 

between L2 gains and L2 use was moderated by proficiency level, while the relation-

ship between L2 gains and attitudes to the Dutch community was dependent on how 

long learners had lived in the Netherlands. In CDST, systems that settle into relatively 

stable patterns are known as attractor states, representing “higher-order patterns of 

equilibrium” (Hiver, 2014, p. 21). While we consider the five communities to be rel-

atively stable and representative of general patterns, the factors that affect learning at 

any given time for any given individual are changeable. Conceptualizing aptitude 

within a CDST framework, language aptitude is also seen as dynamic in that the rela-

tionships between ID variables and learning outcomes differ across L2 learning con-

texts, and are interrelated with proficiency level, target language, teaching methods 

and materials, for example.  

 

6.3 Practical implications and future directions  

 

Integrating the range of different attributes and abilities that interact and contribute to 

learning, a dynamic and broader conceptualization of aptitude gives greater agency to 

language learners and teachers. Our findings from Chapter 4 showed that language 

learning gains were directly related to extrinsic motivation and level of multilingual-

ism, and indirectly related to L2 use (via proficiency level) and attitudes towards the 

Dutch community (via length of residence). In turn, these variables were closely re-

lated to other variables from cognitive, affective, and conative domains. Taking a mul-

tivariate, multidimensional, systems view of language aptitude, we showed how ID 

variables from different domains interact to jointly contribute to L2 learning. As Snow 

(1989a) argued, viewing aptitude from a whole-person, systems perspective can pro-

mote beliefs about learning that increase students’ motivation and self-beliefs, and 

encourage a more positive mindset.  
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Viewing language aptitude as a system of interdependent components brings 

the idea that we could effect change on the system. As we discussed in Chapters 2 and 

3, researchers could potentially use network centrality measures to help inform which 

variables to target for intervention. In Chapter 4 for example, we identified attitudes 

towards learning Dutch, intended effort, and L2 use as potential bridge nodes, related 

to ID variables from different communities. If these bridge nodes were targeted for 

intervention, we could in theory effect change across the wider system. This idea 

could be worth exploring in the field of SLA, although more research is needed to 

determine the extent to which bridge nodes replicate in other populations and contexts. 

Snow (1989a) viewed education as a long-term aptitude development program. In a 

similar way, language teachers can influence and shape learner’ aptitudes over time. 

For the L2 Dutch learners in our study, our results suggest that this could best be 

achieved by leveraging their extrinsic motivation (such as by enhancing intrinsic mo-

tivation), and drawing on attributes associated with multilingualism (such as enhanced 

learning strategies, greater metalinguistic awareness, and larger linguistic and cultural 

repertoires (see Cenoz, 2013)). However, as we saw in Chapter 5, learners have dif-

ferent aptitude profiles, indicating that any given intervention would not be equally 

beneficial for all learners. From this perspective, we could intervene on the bridge 

nodes, which may have a more general influence on the system and a more indirect 

effect on learning, but likely impact more learners. Based on the results of Chapter 4, 

this could include providing more opportunities for L2 use, fostering a supportive and 

positive learning environment, providing positive exposure to the Dutch community, 

and increasing learners’ self-efficacy.  

Synthesizing different strands of SLA research, this project lays the initial 

groundwork for an integrative theory of language aptitude. Our results showed that 

ID variables formed five distinct, but interrelated communities: Motivation and Effort, 

Self-beliefs and Emotion, Pro-social Behaviors, Cognitive Abilities, and Proficiency 

and Use. We found that L2 learning gains were directly related to level of multilin-

gualism and extrinsic motivation, while the relationships between L2 learning gains 

and other affective and motivational constructs were moderated by proficiency level 



                                                                                                   
 

 

 

 

 

 

 

 

 

and length of residence. In addition, learners within this population had distinct apti-

tude profiles, characterized by mostly mixed attributes and characteristics. Using net-

work analysis and cluster analysis, we provided a rich and detailed picture of the role 

of ID variables in L2 Dutch learning for this population. Although SLA research has 

generated substantial knowledge about how ID variables relate to language learning, 

little is known about how these variables interact as a system, and jointly influence 

learning outcomes. Our work addresses this gap by mapping the terrain of cognitive, 

affective, and conative attributes involved in L2 learning, responding to long-standing 

concerns about the fragmentation of SLA research domains (Atkinson et al., 2025; 

DeKeyser, 2010; Hulstijn, 2007). An integrative theory of language aptitude better 

reflects the reality that multiple, interrelated ID variables shape learning, and aligns 

with evidence that multivariate approaches predict learning more effectively than a 

single variable or domain (Ackerman, 2003; Dukes et al., 2021; Snow & Farr, 1987).  

Snow’s theory of aptitude complexes offers a useful framework for synthe-

sizing diverse SLA research strands into a coherent theory of language aptitude. 

Drawing on Snow’s theoretical framework, we conceptualize language aptitude as 

constellations of interacting ID variables that jointly influence learning. Future re-

search could examine whether the same communities of ID variables that we identi-

fied replicate in different populations and contexts, and how relationships between 

individual ID variables and L2 gains vary across settings. By acknowledging that L2 

learning is best understood as the outcome of multiple, interacting systems, it is vital 

that future language aptitude research moves beyond examining isolated predictors 

from a singular domain. In the field of SLA for example, this would involve integrat-

ing cognitive research strands with research on the psychology of language learning. 

Our results also suggest that the relative significance of certain aptitudes varies as a 

function of proficiency level and length of residence. This highlights the importance 

of including factors related to the L2 learning context in language aptitude research, 

to better understand how the relationships between L2 learning and cognitive, affec-

tive, and conative ID variables can be moderated by the L2 context. Lastly, while we 
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used a pre-test/post-test quasi-experimental design to assess L2 learning gains, longi-

tudinal studies may shed further light on how interactions between different domains 

of ID variables shape learning trajectories over time.   
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Appendix A 
 
List of variables in Chapter 4.  

*Starred variables were not included in the final model. 

1. Age 

2. Length of residence  

3. Amount of instruction* 

4. L2 use 

5. Level of multilingualism  

6. Ideal L2 self 

7. Ought-to L2 self 

8. Integrativeness 

9. Instrumentality* 

10. Willingness to communicate 

11. Intended effort 

12. Self-efficacy 

13. Self-regulation 

14. Attitudes to learning Dutch 

15. Attitudes to the Dutch community 

16. Anxiety 

17. Extraversion 

18. Agreeableness 

19. Conscientiousness 

20. Emotional stability 

21. Intellect/imagination 

22. Simple working memory 

23. Complex working memory 

24. Sound recognition 

25. Non-verbal intelligence  

26. Inhibitory control*  

27. Proficiency level (T1 C-test score)  

28. L2 gains (T2 C-test score minus T1 C-test score) 

 

 

 

 

 

 

 

 



 



 

English Summary 

 

Towards an integrative theory of language aptitude  
 

Learning a second or additional language is a complex process. Research has shown 

that numerous factors can play a role in language learning, such as motivation, atti-

tudes, personality, cognitive abilities, and prior experience. However, previous re-

search has typically focused on abilities or attributes from a single domain, and little 

is known about how different combinations of learner attributes jointly influence lan-

guage learning. Therefore, the aim of this research project was to work towards an 

integrative theory of language aptitude. To do this, we drew on Snow’s theory of ap-

titude complexes, conceptualizing language aptitude as a system of interacting traits, 

abilities, and behaviors. In the first part of this book, we focus on methodology and 

the suitability of network analysis for modeling an integrative theory of aptitude. In 

the second part of this book, we focus on aptitude theory and report findings from a 

large study of aptitude for learning Dutch conducted in the Netherlands.   

In Chapter 2, we evaluate the use of network analysis for studying patterns 

of relationships in multivariate, cross-sectional data. We provide two examples of net-

work models estimated from publicly available datasets. The first example is of mo-

tivational constructs at item level, and the second example is of individual differences 

in native language attainment at composite level. Results showed that the network 

analyses offered some additional insights into the data compared to the original stud-

ies’ analyses, such as several moderating effects of other variables, and centrality 

measures provided information about the relative importance of variables within the 

network. Overall, our results showed that network analysis can be a useful exploratory 

tool for analyzing multivariate, cross-sectional data. This method is also closely-

aligned with our theoretical framework of aptitude, enabling us to model interactions 

between learner attributes as interrelated systems.  

In Chapter 3, we evaluate the use of network analysis with intensive longitu-

dinal data to study the relationships between variables over time. Our example uses 

time-series data that we collected throughout a 32-week Dutch language course. In 
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this study, one class of learners responded to a weekly questionnaire about their level 

of motivation, anxiety, enjoyment, self-regulation, self-efficacy, and engagement. We 

estimated three different networks, each offering a different perspective to the rela-

tionships between variables over time. Results of the temporal network showed that 

learners’ level of anxiety and engagement in any given week was partly dependent on 

how anxious and engaged they felt the previous week. Results of the contemporaneous 

network showed that within any given week of the Dutch course, all variables were 

positively associated with one another, except for anxiety, which was not related to 

other variables. The between network showed the relationships between the mean 

level of variables, aggregated across time and subjects. Results of the between net-

work indicated different associations between variables compared to the contempora-

neous network, suggesting potential intra-individual differences, where self-regula-

tion had a facilitative effect for some learners, and a preventative effect for other 

learners. While network analysis offers several advantages, certain aspects of network 

analysis present challenges when applied to the study of language learning, such as 

the need for a large amount of data and model assumptions of linearity.  

In Chapters 4 and 5, we report findings from an empirical study of aptitude 

for learning Dutch. Learners enrolled on Dutch language courses across the Nether-

lands joined the study online. At the start of their course, learners completed their 

aptitude profile, which contained cognitive tasks, questionnaires related to motiva-

tional and affective constructs, language background, and a Dutch language test. At 

the end of their course, learners took the Dutch test again, as a measure of language 

learning gains over time.  

In Chapter 4, we examine the relationships between different domains of 

learner abilities and attributes, and their relationship with language learning gains. We 

conducted an exploratory graph analysis of 25 variables. Results showed that varia-

bles grouped into five ‘communities’: cognitive abilities, proficiency and use, moti-

vation and effort, self-beliefs and emotion, and pro-social behaviors. These commu-

nities were interrelated via L2 use, intended effort, and attitudes towards learning 

Dutch. We found that learners made more L2 learning gains if they felt less external 

pressure to learn Dutch, and had higher levels of multilingualism. In addition, we 
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found strong moderating effects of proficiency level and length of residence on the 

relationship between L2 learning gains and other variables.  

In Chapter 5, we build on our analyses from Chapter 4, to assess whether 

there are groups of learners within our sample with similar aptitude profiles. We con-

ducted a cluster analysis using composite scores derived from the five communities 

that we identified in our previous analyses, and level of multilingualism. Results 

showed that there were five distinct profiles. One profile contained learners with 

mostly positive attributes, including high  motivation, pro-social behaviors, and strong 

self-belief, while one profile contained learners with mostly negative attributes. The 

other three profiles were more mixed, such as with higher motivation and lower cog-

nitive abilities. These mixed profiles could indicate that learners rely on different com-

binations of resources, but we cannot draw strong conclusions about how the profiles 

relate to language learning gains, as there were not significant differences in learning 

gains between profiles.  

This dissertation serves as a starting point towards an integrative theory of 

language aptitude. By considering multiple learner abilities and attributes from across 

domains, we gained a valuable and comprehensive picture of the joint contribution of 

these factors in learning Dutch. In Chapter 6, we highlight the need for more multi-

variate studies, the importance of bridging domains of research strands, and network 

analysis as a promising method for exploratory research.   



 

 



 

 

Nederlandse samenvatting 

 

Naar een integratieve theorie over taalaptitude 
 

Het leren van een tweede of extra taal is een complex proces. Onderzoek heeft aange-

toond dat tal van factoren een rol kunnen spelen bij het leren van talen, zoals motiva-

tie, houding, persoonlijkheid, cognitieve vaardigheden en eerdere ervaringen. Eerder 

onderzoek richtte zich echter meestal op vaardigheden of eigenschappen uit één enkel 

domein, en er is weinig bekend over hoe verschillende combinaties van eigenschap-

pen van leerders gezamenlijk het leren van talen beïnvloeden. Daarom was het doel 

van dit onderzoeksproject om te werken aan een integratieve theorie over taalaptitude. 

Hiervoor hebben we gebruikgemaakt van Snows theorie van aptitude complexes, 

waarbij we taalaptitude conceptualiseren als een systeem van op elkaar inwerkende 

eigenschappen, vaardigheden en gedragingen. In het eerste deel van dit boek richten 

we ons op de methodologie en de geschiktheid van netwerkanalyse voor het modelle-

ren van de theorie van taalleervermogen. Onder het begrip taalaptitude wordt in deze 

studie een combinatie van aanleg en bekwaamheid verstaan. In het tweede deel richten 

we ons op een integratieve taalaptitude-theorie en rapporteren we de bevindingen van 

een grootschalig onderzoek naar taalleervermogen voor het leren van Nederlands, uit-

gevoerd in Nederland.  

In hoofdstuk 2 evalueren we het gebruik van netwerkanalyse voor het bestu-

deren van relatiepatronen in multivariate gegevens. Deze methode sluit ook nauw aan 

bij ons theoretisch kader van aptitude, aangezien de relatie tussen variabelen gelijktij-

dig wordt geschat voor elk paar variabelen in het netwerk en variabelen niet worden 

gespecificeerd als voorspellers of uitkomsten. We geven twee voorbeelden van net-

werkmodellen die zijn geschat op basis van openbaar beschikbare datasets. Het eerste 

voorbeeld betreft een analyse van een motivatievragenlijst voor het leren van een 

tweede taal en het tweede voorbeeld betreft een analyse van variabelen die individuele 

verschillen in het beheersen van de moedertaalverklaren. De resultaten toonden aan 

dat de netwerkanalyses aanvullende inzichten in de gegevens opleverden ten opzichte 

van de analyses in de oorspronkelijke studies; we identificeerden verschillende mo-

dererende effecten van andere variabelen en centraliteitsmetingen leverden informatie 
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op over het relatieve belang van variabelen binnen het netwerk. Over het algemeen 

toonden onze resultaten aan dat netwerkanalyse een nuttig verkennend instrument kan 

zijn voor het analyseren van multivariate gegevens.  

In hoofdstuk 3 evalueren we het gebruik van netwerkanalyse met tijdreeks-

gegevens om de relaties tussen variabelen in de loop van de tijd te bestuderen. We 

maken gebruik van tijdreeksgegevens die we hebben verzameld tijdens een 32 weken 

durende cursus Nederlands. In dit onderzoek beantwoordde een klas leerders weke-

lijks een vragenlijst over hun motivatie, angst, plezier, zelfregulering, zelfeffectiviteit 

en betrokkenheid. We hebben drie verschillende netwerken geschat, die elk een ander 

perspectief bieden op de relaties tussen variabelen in de loop van de tijd. De resultaten 

van het temporele netwerk toonden aan dat het niveau van angst en betrokkenheid van 

de leerders in een bepaalde week gedeeltelijk afhankelijk was van hoe angstig en be-

trokken ze zich de week ervoor voelden. De resultaten van het gelijktijdige netwerk 

toonden aan dat binnen een bepaalde week van de cursus Nederlands alle variabelen 

positief met elkaar verband hielden, behalve angst, dat geen verband hield met andere 

variabelen. Het tussenliggende netwerk liet een andere relatie tussen variabelen zien 

dan het gelijktijdige netwerk, wat wijst op mogelijke verschillen tussen leerders bin-

nen groepen, waarbij zelfregulering voor sommige leerders een faciliterend effect had 

en voor andere leerders een preventief effect. Hoewel netwerkanalyse verschillende 

voordelen biedt, brengen bepaalde aspecten van netwerkanalyse uitdagingen met zich 

mee wanneer deze worden toegepast op het onderzoek naar het leren van talen, zoals 

de behoefte aan een grote hoeveelheid gegevens en modelveronderstellingen van li-

neariteit.  

In hoofdstuk 4 en 5 rapporteren we de bevindingen van een empirisch onder-

zoek naar de aptitude voor het leren van Nederlands. De cursussen vonden plaats door 

heel Nederland en de leerders namen online deel aan het onderzoek. Aan het begin 

van hun cursus vulden de leerders hun ‘aptitudeprofiel’ in. Dit bestond uit cognitieve 

taken, een Nederlandse taaltest en vragenlijsten over taalachtergrond en motivationele 

en affectieve constructen. Aan het einde van hun cursus legden de leerders de Neder-

landse taaltest opnieuw af, om de taalverwervingswinst te meten.  
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In hoofdstuk 4 onderzoeken we de relaties tussen verschillende vaardigheden 

en eigenschappen van leerders en de mate waarin die gerelateerd zijn aan de voortgang 

in het leren van de taal. We hebben een verkennende grafische analyse uitgevoerd van 

25 variabelen. Uit de resultaten bleek dat de variabelen in vijf ‘gemeenschappen’ kon-

den worden gegroepeerd: cognitieve vaardigheden, taalvaardigheid en taalgebruik, 

motivatie en inspanning, zelfvertrouwen en emotie, en prosociaal gedrag. Deze ge-

meenschappen waren onderling verbonden via met name drie specifieke variabelen: 

‘het gebruik van de tweede taal’, ‘de beoogde inspanning’ en ‘de houding ten opzichte 

van het leren van Nederlands’. We ontdekten dat leerders meer vooruitgang boekten 

in het leren van de tweede taal als ze minder externe druk voelden om Nederlands te 

leren en als ze meer meertalig waren. Daarnaast ontdekten we dat het taalvaardig-

heidsniveau en de verblijfsduur in Nederland een sterk modererend effect hadden op 

de relatie tussen de vooruitgang in het leren van de tweede taal en andere variabelen. 

Zo stonden leerders met een langere verblijfsduur in het algemeen minder positief 

tegenover de Nederlandse cultuur, wat een negatieve invloed had op hun voortgang.  

In hoofdstuk 5 bouwen we voort op onze analyses uit hoofdstuk 4 om te be-

oordelen of er binnen onze steekproef groepen leerders zijn met vergelijkbare aptitu-

deprofielen. We hebben een clusteranalyse uitgevoerd met behulp van samengestelde 

scores afgeleid van de vijf gemeenschappen die we in onze eerdere analyses hebben 

geïdentificeerd, en de mate van meertaligheid van de leerders. Uit de resultaten bleek 

dat er vijf verschillende profielen waren. Eén profiel omvatte leerders met overwe-

gend positieve eigenschappen, waaronder een hoge mate van motivatie, prosociaal 

gedrag en zelfvertrouwen, terwijl een ander profiel leerders omvatte met overwegend 

negatieve eigenschappen. De andere drie profielen waren meer gemengd, bijvoor-

beeld met een hogere motivatie en lagere cognitieve vaardigheden. Deze gemengde 

profielen zouden erop kunnen wijzen dat leerders gebruikmaken van verschillende 

vormen van taalaanleg voor het leren van de tweede taal, maar we kunnen geen harde 

conclusies trekken over hoe de profielen zich verhouden tot de taalleerresultaten, aan-

gezien er geen significante verschillen waren in leerresultaten tussen de profielen.  
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Dit proefschrift dient is een eerste aanzet tot een integratieve theorie over 

taalaptitude. Door te kijken naar taalaptitudefactoren uit verschillende domeinen, heb-

ben we een waardevol en uitgebreid beeld gekregen van de gezamenlijke bijdrage van 

deze factoren aan het leren van het Nederlands als tweede taal. In hoofdstuk 6 bena-

drukken we de noodzaak van meer multivariate studies, het belang van het samen-

brengen van verschillende taalaptitudedomeinen, en netwerkanalyse als een veelbelo-

vende methode voor verkennend onderzoek.  

 
 

 
 



  

 


