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ABSTRACT 
The first part of this dissertation conducts a large-scale study comparing general and 

usage-based indices of syntactic complexity in L2 Mandarin writing samples across a wide range 

of proficiency levels.  To do this, the Tool for the Automated Analysis of Syntactic 

Sophistication and Complexity (TAASSC; Kyle, 2016) was adapted for Mandarin by changing 

how the syntactic relations were identified and by developing a large (apx 30-million word) 

Chinese language reference corpus. This tool was used to identify and tally both general and 

usage-based indices of proficiency in a large, publicly available learner corpus. Because learning 

may not be a linear process, linear and polynomial multiple regression models were built for 

each type of index. These were compared for general and usage-based indices respectively. For 

usage-based indices, the linear model best fit the data while for general indices, the polynomial 

model was the best fit. These two models were then compared to each other, and the usage-based 

model was found to be significantly better at predicting variance in the data. Finally, all 

significant indices were combined into a single model to see if there might be overlap between 

the two types of index and it found that there may be some, but not complete, overlap between 

the two. 

The results of the first part of the dissertation indicate that usage-based indices explain 

more variance in the data than general indices. In addition to that, they are also preferable for 

other reasons: They predict writing proficiency linearly across levels, are ecologically valid, can 

be used to compare complexity cross-linguistically, and are consistent with other research on 

Mandarin that focuses on topic-comment structures.  

Based on the results detailed in Chapter 3, Chapter 4 turns to the processes of 

development. However, there are some additional challenges to understanding development that 

must be considered. First, current usage-based indices mainly focus on verb-VAC relationships 
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or on words in phrases, but do not take into account the simultaneous development of 

constructions at the lexical, phrasal, and clausal levels. Further complicating the analysis, these 

constructions are embedded within each other. Finally, a single lexical or phrasal construction 

can be used in multiple contexts so there is also overlap between the constructions. These 

challenges add complexity to the analysis and so Network Science is used to combine usage-

based approaches with those based in complex dynamic systems theory. This allows for a more 

holistic analysis that captures changes at and across lexical, phrasal, and clausal levels. In this 

dissertation, five macro-level (or full network) indices were first analyzed because they are 

theoretically related to the cognitive processes associated with language learning. These were 

analyzed longitudinally in two early learners of Mandarin and cross-sectionally using the same 

large-scale corpus and statistical methods used in Chapter 3. Average betweenness (or degree to 

which nodes act as bridges across subsystems) and average degrees by type (or degree of 

schematization) both showed clear linear trends in the longitudinal data and were significant 

linear predictors of proficiency across a wide range of proficiency levels. A model that combined 

these network science indices with the previously identified significant usage-based and general 

indices indicates that network science indices add an additional 10% of variance explained. 

Network science, usage-based, and general indices were all included in the final model, 

indicating that all three target different aspects of complexity.  

These two indices raise additional questions that are also explored in Chapter 4. Average 

betweenness is often described in the literature as the degree to which a node bridges different 

subsystems, which raises the question: What subsystems? Subsystems are identified 

quantitatively using community structure and then qualitatively analyzed to determine what (if 
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any) linguistic features they represent. The changes in these structures are then traced over time 

to analyze change in the learnerôs linguistic system.  

Finally, we would expect that average degrees (or degree of schematization) would be 

related to the target language. In order to analyze this, a small target language corpus was 

developed based on the textbook by participants in the longitudinal study. The learner and target 

language networks are then compared.  

There are several key findings of this dissertation with implications for research, 

instruction, and assessment. The first part of the dissertation indicates that usage-based indices 

are better than general measures as predictors of proficiency in L2 Mandarin writing across a 

wide range of proficiency levels. This is consistent with current complexity research on topic-

comment structures, since both are based on the features of the target language.  

The second part of the dissertation explores & introduces Network Science as a 

framework for analyzing the development of syntactic structures in L2 writing. It first identifies 

betweenness as a new and effective macro-level measure of proficiency and development. While 

this has no parallel within other frameworks, it can be conceptualized as the degree of integration 

of words across different linguistic constructions and is related to Langacker's (1999) proposal 

that knowing a construction in one context should facilitate the acquisition of related 

constructions in other contexts. Moving to the meso-level, or phrasal/clausal level this 

dissertation identifies community structure as an effective way to identify the constructions that 

emerge. These community structures can then be used to analyze how structures develop and 

change over time, as well as the nature of that change over time. Finally, although the outcomes 

in this study were somewhat unexpected, this dissertation also shows how the learnerôs 
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production and target language networks can be used to compare the relationship between what 

the learner produces and the target language. 

The findings of the second part of the study indicate that network science can be used to 

combine usage-based theories of language acquisition and complex dynamic systems theory to 

explain development in a more holistic way than either has done independently. 
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Chapter 1: Introduction  
While a substantial amount of research has been done on the construct of complexity in 

learners of English (Lu, 2011; Ortega, 2003; Wolfe-Quintero et al., 1998), it has been less well-

studied in other languages, and so the universality of currently used indices is unclear. 

Complexity in learners of Mandarin is of particular interest for two reasons: First, the 

orthography and typology of Mandarin contain characteristics not found in other languages (Li & 

Thompson, 1981) and so provide a point of contrast that can help to identify what aspects of 

complexity are consistent across diverse languages and which are language-specific. Second, 

complexity in learners of Mandarin has not been as widely studied as other languages, despite 

Mandarin being a widely spoken and increasingly studied language.  

The purpose of this dissertation is twofold: First to better understand linguistic complexity 

as a construct of proficiency in Mandarin, building on previous work that has been done in 

Mandarin and on other languages; and second to understand how complexity emerges and 

develops at the early stages of language learning.  

General indices of proficiency include those based on T-Units and have been widely used 

in the study of complexity (Hunt, 1968; Wolfe-Quintero et al., 1998). Although there have been 

some theoretical arguments against the validity of these indices for Mandarin due to typological 

differences between the two languages (Jin , 2006; Wu , 2018a; Yu, 2020), a lot of work on 

complexity in Mandarin still relies on those features (Jiang, 2013). Fine-grained features such as 

topic-comment structures and zero anaphora have been proposed as alternatives to general 

indices because they are unique typological features of Mandarin (Jin , 2006; Wu , 2016, 

2018a; Yu, 2020); however, they are only two of potentially many unique features of Mandarin 
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that might be related to proficiency. Additionally, the selection of these indices is rooted in 

linguistic theory, but not in language acquisition theory.  

 This dissertation builds on the principle of using the features of Mandarin as indices of 

language proficiency by rooting the study of complexity and its change across proficiency levels 

and over time in usage-based theory. In brief, usage-based theory posits that the frequency and 

distribution of features in a language are directly related to language learning (Ellis et al., 2014a; 

Ellis & Ferreira-Junior, 2009a). This has typically been studied using verb-argument 

constructions (VACs) and the verbs that fill them. In the language of native speakers, there is one 

exponentially high-frequency verb that fills a given construction in a Zipfian distribution. 

Because of this, learners hear that verb in the construction much more frequently than any other 

verb, and so it is the first verb through which they acquire the construction. In that sense, it is a 

prototype or pathbreaker that helps the learner acquire the construction, and once acquired, 

learners become able to use it in increasingly analyzed or creative ways by substituting in other 

verbs (Ellis et al., 2014b; MacWhinney, 2014). Indices based on the frequency and distribution 

of verbs within VAC structures relate language acquisition directly to structures and distributions 

of the input or target language.  

In order to understand the effectiveness of usage-based indices in predicting writing 

proficiency in learners of Mandarin, the first study in this dissertation compares usage-based 

indices to general indices that have been widely used in both English and Mandarin. The 

motivation for the comparison of these two types of features is a) to identify which approach 

(measures based on the target language vs general measures based only on learner production) 

better explain variance in writing proficiency scores of Mandarin learners and b) to be able to 

contrast the effectiveness of these two types of measures across languages. The results of this 
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study indicate that, consistent with English, usage-based indices are better predictors of 

proficiency across a wide range of learners in Mandarin than the general indices. 

This research relying on frequency and distributional norms in the target language 

provides empirical, as well as theoretical, support for taking a usage-based approach to 

understanding the development of complexity in learners, which is the focus of the second study. 

The study of longitudinal development at the early stages of learning, though, introduces 

additional challenges. First, constructions are any form-meaning pair and so can be lexical, 

phrasal, clausal (and other levels not dealt with in this project). VACs deal with clause-level 

constructions but leave out the others. Second, in language development, these constructions are 

learned simultaneously, and multiple instances of each type of construction are learned 

simultaneously (i.e., multiple words are in the process of being learned at the same time as 

multiple phrasal/clausal structures). The result is that many constructions at the lexical, phrasal, 

and clausal level are under development in the cognitive linguistic system of a learner at any 

given stage of development. Third, all of these co-existing and co-developing constructions may 

impact the development of other constructions and the full linguistic system in ways that are not 

necessarily linear. Fourth, language development is an individual process, so it is necessary to 

look at individual trajectories in order to understand development. 

These challenges introduce additional levels of complexity to the analysis.  Complex 

dynamic systems theory (CDST) has been used to account for some of this complexity. 

Commonly used methods in CDST approaches include analyzing variability in a single feature 

over time and analyzing binary relationships between features and how those relationships 

change over time. While these have proven to be useful approaches, they are limited in that they 

can only include two features, at most. Because of this, the second study explores the possibility 
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of using Network Science (Barabasi, 2015), a branch of math designed for the analysis of 

complex dynamic systems, to more holistically analyze the development of complexity across 

different levels of constructions.  

Overview of Dissertation  

Chapter 2: Literature Review  

The literature review provides an overview of recent syntactic complexity research, as 

well as three related theoretical approaches used in this study: usage-based theory, dynamic 

systems theory, and network science. Based on this literature review, 5 research questions are 

identified.  

Chapter 3: Complexity in Mandarin: Validating Indices across Proficiency Levels 

This study extends previous research (e.g., Kyle & Crossley, 2017) by comparing usage-

based and general indices of syntactic and lexicogrammatical use in learners of Mandarin. Like 

that study, it compares complexity models that use general indices with those that use usage-

based indices. It extends that study by investigating whether non-linear trends exist in each set of 

indices, providing further information about their overall predictive ability in Mandarin. 

Consistent with Kyle and Crossley (2017), it finds that in Mandarin, usage-based indices are 

better predictors of proficiency than are general indices and that the frequency of the verb 

decreases over time while the strength of association between verb and VAC increases. 

Furthermore, in general indices, non-linear trajectories were found, while usage-based indices 

were linear. The results of this study indicate that usage-based indices are better predictors of 

proficiency than are general indices across a wide range of proficiency levels, and so a usage-

based approach is taken to analyzing second language development in the second study. 

Chapter 4: Development in the Early Stages of Learning 

Based on the above results and challenges of studying early development, Network 

Science is used to analyze the development of early learners of Mandarin. Five macro-level 
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indices were first selected based on their theoretical connection to the cognitive processes of 

language learning. Two of these were found to have linear trends in the longitudinal data and 

also were significant and meaningful predictors of language proficiency across a wide range of 

proficiency levels. Based on these outcomes and questions raised by them, additional Network 

Science features were used to analyze the individual trajectories of two students over a 20-week 

period and also the relationship between learner production and the target language for this level. 

The results of this analysis provide partial support for usage-based theory, but are also partially 

incompatible with UB theory. This seems to be because most studies from a UB approach only 

look at development within clauses and more recently within phrases, but do not account for the 

use of words and phrases across constructions or the full linguistic system. The network science 

indices are better able to account for changes in the system at the macro, meso, and micro levels 

as well as interactions among these levels.  

Chapter 5: Discussion and Conclusions 

Four key findings of this dissertation are highlighted in this chapter, specifically:  

1. Usage-based indices are better predictors of writing proficiency than general indices,  

2. Betweenness is proposed as a new measure of complexity, 

3. Community structure can be used to identify linguistic structures and their 

development over time, and  

4. Network science can be used to compare learner and target language networks. 

Each key finding is and its implications for language acquisition research, language instruction, 

and assessment are discussed. 
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Chapter 2: Literature Review 

Syntactic Complexity in L2A  

The history of complexity studies and current trends is first discussed in order to situate 

this dissertation within the larger context of complexity research. Research on the construct of 

complexity has focused largely on indices to measure it and particularly on identifying a small 

number of indices that will predict proficiency across a wide range of proficiency levels. This is 

made more difficult by the fact that complexity as a construct is not clearly defined (De Clercq & 

Housen, 2017; Pallotti, 2015; Paquot, 2019), subsuming absolute complexity and relative 

complexity. The former is defined as the number of features, length of features, ratios of one 

feature to another, and number of relationships between features; the latter is related to difficulty, 

which can include the cognitive load a particular feature requires to process or produce and is 

related to learner-specific factors such as aptitude, memory, motivation, etc. (Bulté & Housen, 

2012; Pallotti, 2015), or it can be related to sophistication (e.g. frequency and distribution in the 

target language; Kyle & Crossley, 2017).  

Absolute Complexity 

Early work on syntactic complexity tended to focus on absolute complexity at the clausal 

level, although other types of complexity were acknowledged. In Wolfe-Quintero et al.'s (1998) 

synthesis of syntactic complexity measures from the 1970s to 1990s, syntactic complexity was 

defined, following Skehanôs original definition, as ñprogressively more elaborate languageò and 

ña greater variety of syntactic patterningò (Foster & Skehan, 1996, p. 303, quoted in Wolfe-

Quintero et al., 1998, p. 69). Despite Wolfe-Quintero et al.ôs emphasis that ñcomplexity is 

manifest in writing primarily in terms of grammatical variation and sophisticationò (p. 70) and 

their related statement that complexity was not exclusively frequencies of specific features, 15 of 

34 measures surveyed were frequency measures and 16 were ratios per sentence, T-unit, or 
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clause. In fact, only two measures made an attempt to relate complexity to features of the target 

language (a measure of sophistication), although these were weights based on transformational 

grammar and on child language acquisition (the final measure was an index of coordination).  

Syntheses of complexity research over the past several decades indicate a longstanding 

emphasis on absolute measures (Bulté & Housen, 2012; Norris & Ortega, 2006; Wolfe-Quintero 

et al., 1998), which fall into four categories: omnibus (Byrnes et al., 2010), general, fine-grained, 

and diversity.  

Omnibus measures are those that capture different types of features in one measure. The 

most commonly used omnibus measure is mean length of T-unit, although sometimes mean 

length of sentence is also used. T-units are defined as a main clause and all subordinating or 

embedded clauses, which are the largest sub-sentence chunks that can be punctuated. Mean 

length of TU is often used as a general measure of overall elaboration, since it includes 

elaboration via the addition of subordinate clauses, the addition of phrases and elaboration within 

phrases. Sentence length is even more general, also including coordination.  

General measures are indices that capture more specific syntactic structures. Examples of 

commonly used measures include clauses per TU, which includes different types of subordinate 

clauses; mean length of clause, which measures the addition of any phrasal structure; and t-units 

per sentence, which measures coordination in a sentence. Although these are more specific than 

omnibus measures, they still represent broad groupings of syntactic features.  

Fine-grained measures do not seem to have an established definition. I treat measures that 

point to a specific syntactic structure, not groups of structures, as fine grained. But there are 

degrees of granularity, and this is discussed in more detail below.  
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Diversity measures how many different or unique features are used. It is absolute in the 

sense that it relies on objective measures of the learner data, but the aspect of complexity that it 

measures is somewhat different from those listed above: It is a measure of the range of different 

structures available to a learner. 

Relative Complexity 

While absolute complexity is fairly straightforward in that it deals with objective 

quantities of features in learner production, relative complexity is a broader category, subsuming 

subjective and objective aspects of complexity. Subjective factors include how ñcostly, difficult, 

or hardò a feature is (Bulté & Housen, 2012, p. 24) and what is hard for one learner, may not be 

for another. Objective relative measures, on the other hand, include things like salience 

(prototypicality, genericness, meaningfulness, etc.) and frequencies and distributions in the target 

language.  

Current Trends in Syntactic Complexity Research  

As mentioned above, Wolfe-Quintero et al. (1998) synthesized the results of many studies 

that included measures of syntactic complexity from the 1970s to 1990s (note that they included 

mean length of TU and mean length of clause as measures of fluency, but both are now 

commonly considered to be measures of complexity (Norris & Ortega, 2009) and so I include 

them here). I take Wolfe-Quintero et al.'s (1998) study as a starting point and examine key 

developments in how syntactic complexity has come to be conceptualized and measured since 

that time. Specifically, key developments include shifts from omnibus and general to fine-

grained measures, from absolute to objective relative measures, and increased attention to 

syntactic diversity as a measure of complexity. Below, I discuss these shifts and their 

contribution to the field of SLA in both longitudinal and cross-sectional studies. 
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Omnibus to General to Fine-grained  

In Wolfe-Quintero et al.'s (1998) synthesis, 26 of the 31 studies included omnibus 

measures (MLTU being the most common); 12 included general measures, and only six included 

fine-grained measures of complexity. In Bulté and Housen's (2012) survey of 40 studies from 

1995 to 2008 (13 years), six included omnibus measures, 10 included general measures and eight 

included fine-grained measures. Since 2010 (10 years), there have been at least 14 studies of 

syntactic complexity that included fine-grained measures, in both cross-sectional (Bulté & 

Roothooft, 2020; De Clercq & Housen, 2017; Kyle & Crossley, 2018; Verspoor et al., 2012) and 

longitudinal (Biber et al., 2020; Bulté & Housen, 2014, 2018; Caspi, 2010; Crossley & 

McNamara, 2014; Friginal & Weigle, 2014; Mazgutova & Kormos, 2015; Spoelman & 

Verspoor, 2010; Verspoor et al., 2012; Vyatkina, 2013, 2015) studies.  

Cross-sectional 

At least four cross-sectional studies included fine-grained measures. Kyle and Crossley 

(2018) compared a model of 14 traditionally used general complexity measures with a model of 

26 fine-grained clausal measures and a model of 17 fine-grained phrasal measures in TOEFL test 

data. This study showed that the model with fine-grained phrasal measures explained 19% of the 

variance in the data, compared with only 6% (general) and 3% (fine-grained clausal). Moreover, 

models with traditional general and fine-grained clausal measures were significant, but had small 

effect size while the model with fine-grained phrasal measures was significant with medium 

effect size. In a study comparing five different proficiency levels of adolescent learners of 

English, Verspoor et al. (2012) included two fine-grained dependent clause types that 

distinguished between two different levels (adverbial 2-3; relative 3-4), compared to three 

general measures that all distinguished between only levels 2-3 (simple sentences, complex 

sentences, and non-finite clauses). Bulté and Roothooft (2020) included the fine-grained measure 
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of mean length of noun phrase in a study on oral language, as well as subordinate clause ratio 

and mean length of clause and found that only the subordinating clause ratio (not a fine-grained 

measure) significantly explained proficiency in IELTS test data. Similarly, De Clercq and 

Housen (2017) used the same measure in adolescent learners of English and found that it did not 

distinguish between learner groups and only distinguished between the highest level and native 

speakers.  

Longitudinal  

At least 14 longitudinal studies have included fine-grained indices in their analysis. Four 

of these studies (Bulté & Housen, 2014, 2018; Spoelman & Verspoor, 2010; Verspoor et al., 

2008) included only mean length of noun phrase as a fine-grained measure (among other general 

measures and/or measures of accuracy and fluency). Similar to the cross-sectional data, Bulté 

and Housen (2014) found that for EAP learners, mean length of noun phrase increased 

significantly before and after instruction and was significantly related to holistic quality scores 

over four months. In contrast, in Bulté and Housenôs (2018) study of adolescent learners across 

19 months, the mean length of noun phrase did not show substantial change while MLTU, which 

includes clausal subordination, did. The additional two studies took a dynamic systems approach 

and focused more on development in relationship with other features. 

These somewhat contradictory findings are probably due to different levels of specificity, 

modality, and level. Noun phrases were treated as a single unit in Bulté and Housen (2014, 

2018), Bulté and Roothooft (2020), and De Clercq and Housen (2017), while they were further 

divided into subjects, objects, and indirect objects, in Kyle and Crossley (2018). In addition, 

Bulté and Roothooft (2020) used oral data, which tends to use clausal structures rather than 

phrasal structures (Biber et al., 2011). Finally, phrasal indices seem to be the best fine-grained 

predictors of proficiency in TOEFL data, but in Bulté and  Housen (2018) and Verspoor et al. 
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(2012) clausal indices were found to distinguish between learner groups. This may be related to 

register and level. Clausal measures have been shown to be more typical of everyday 

conversation associated with lower proficiency levels while phrasal elaboration has been 

associated with academic language (Biber et al., 2011).   

Several additional studies (and series of studies using the same data) have examined 

longitudinal development of a wider variety of fine-grained syntactic complexity measures 

beyond the noun phrase. Vyatkina and colleagues (Vyatkina, 2012, 2013; Vyatkina et al., 2015) 

have done a series of studies of complexity in L1 English learners of German in an 

undergraduate program. The initial study (Vyatkina, 2012) examined general measures of 

syntactic complexity in the corpus and compared the group trend to two case studies, finding that 

one relied primarily on coordination, while the other made more use of subordination and 

embedding over time, ultimately reaching overall higher-level writing ability. Vyatkina (2013) 

did a case study on the development of the same two learners using more fine-grained measures 

of coordinate structures (4), complex nominals (4) and non-finite verb structures (3). This study 

highlighted the high degree of variability even in learners who had gone through the same 

program for two years, particularly their divergence in the third and fourth semesters, with one 

continuing to show high variability using more advanced structures and the other showing 

decreased variability, indicating a greater deal of comfort with the wider variety of syntactic 

structures. Vyatkina et al. (2015) examined the development of the seven features of the German 

modification system in the same data set. This study found that while overall the group tended to 

decrease their use of the structures that were uninflected and increase their use of more complex, 

inflected features, there was also a great deal of individual variability around each of the seven 

measures. This progression from general to fine-grained measures in the same data highlights the 
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benefits of using fine-grained measures: while general measures showed a linear correlation with 

time, the fine-grained measures showed specifically which aspects of modification developed 

and which did not, as well as how different learners approach modification. This kind of detailed 

information is more applicable to language instruction and also more useful for specifying how 

language complexification occurs. Like the studies on length of noun phrase in lower-level 

learners, in this group of novice to intermediate level learners, subordinate and relative clausal 

modifiers increased significantly over time.  

Another set of studies that analyzed more fine-grained features of syntactic complexity 

used Michigan State Universityôs corpus of EAP learners over a four-month period. Friginal and  

Weigle (2014) used multidimensional analysis to group features together. Of the 114 measures in 

Crossley and McNamara (2014), general measures (number of clauses and modifiers per NPs) 

both decreased significantly over time and also were negatively associated with quality ratings. 

Fine grained measures (number of verb phrases) also decreased significantly over time and were 

negatively associated with quality, while the number of incidents of not increased significantly 

over time. Although the measures are very different from Kyle and Crossley (2018), it does seem 

consistent with the general trend of clauses being associated with lower-level language and 

decreasing as proficiency increases. 

Biber et al. (2020) examined four fine-grained measures of syntactic complexity of 22 

undergraduate and graduate students early in their college careers and again four years later, 

using texts written for different disciplines. The use of pre-modifying nouns was the only 

measure to change significantly over time while in the quasi-longitudinal analysis, time was not 

significant for any features, possibly because discipline and undergraduate/graduate level played 

a greater role. Mazgutova and Kormos (2015) studied the development of a variety of general 
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and fine-grained complexity features (as well as measures of diversity that are discussed below 

and lexical measures) in 39 students in an EAP program before and after 60 hours of instruction.  

For the most part, in cross-sectional and longitudinal studies that have included both fine-

grained and general/omnibus measures, the fine-grained measures have proven to be better 

predictors of proficiency and/or better at distinguishing between levels, with the caveat that the 

fine-grained measures included were well-suited to the level of learner and the modality. In 

addition, the fine grained measures may be able to distinguish between more specific levels of 

proficiency (as in Verspoor et al., 2012).  

The effectiveness of fine-grained indices in predicting proficiency may be due to the 

nature of the indices. Omnibus and general measures of complexity make a-priori determinations 

about what aspects of complexification should be grouped together, as described above. For 

example, in phrasal elaboration, all phrases (verb, noun, preposition, etc.) are considered to be of 

equal importance, but in reality may evolve at different stages of development. Fine-grained 

measures do not have this issue: They measure the use of very specific parts of speech, types of 

clauses, and types of phrases. Fine-grained indices leave no doubt about exactly what is being 

made more complex and the impact that it has on learner proficiency/development. Rather than 

starting with the assumption that different types of complexification are equal, it makes the 

opposite argument: They may all be different.  

These empirical findings indicate that this trend toward more fine-grained measures is a 

positive one that will help to identify stages of language development at a level of detail that is 

more actionable than general measures. For example, based on their synthesis of syntactic 

complexity  in college-level writing research that included only general measures, Norris and 

Ortega (2009) proposed the learning progression shown in Figure 1. 
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Figure 1 

Norris and Ortega (2009) Learning Progression 

 

Verspoor et al. (2012), by including both fine-grained and general measures in their study 

on lower-level adolescents, were able to propose a more specific progression, described in Figure 

2. 

Figure 2  

Verspoor et al. (2012) Learning Progression 

 

Similarly, in longitudinal work, fine-grained measures can show exactly what features 

develop, when they develop, and how they develop in relation to each other.  

Absolute to Objective Relative Measures 

Another trend in how syntactic complexity is conceptualized is the shift from absolute to 

objective relative measures. Although some studies have used native speaker language in 

comparison with learner language, treating native speaker as the highest level of proficiency, 

relatively few have used norms of the target language as indices of language acquisition. As 

mentioned above, in Wolfe-Quintero et al. (1998), of the syntactic complexity features analyzed, 

two measures made an attempt to relate complexity to features of the target language.  

Objective relative measures have been used primarily in studies that specifically take a 

usage-based approach. This is discussed in more detail below, but as a brief overview, this line 

of research has looked at language learning in relationship to learner input or target language by 
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analyzing verb-argument constructions and the verbs that fill them in the target language and 

comparing that to the L2 learner production in both cross-sectional (Römer et al., 2014) and 

longitudinal (Ellis et al., 2014a; Ellis & Ferreira-Junior, 2009b, 2009a; Riggs, 2018) studies. 

These studies found that, although there are some mitigating factors, such as prototypicality, 

genericness, salience, L1 typology, and instructional context, learners tend to acquire features 

that are highly consistent and high frequency earlier than low-frequency and inconsistent pairs 

and select higher-frequency/higher consistency verbs when asked to fill in blanks. Using TOEFL 

writing tests, Kyle and Crossley (2017) compared a model of traditionally used absolute 

measures of complexity to a model that used strength of association between verbs and their 

arguments and frequency in the target language and found that the model that used the usage-

based measures was a significantly better predictor of holistic writing proficiency scores than the 

traditional model, with verb frequency strength of association being the best predictors of 

proficiency. 

Going beyond v-VAC pairs, Ellis and Ferreira-Junior's (2009b) longitudinal study 

additionally examined the frequency in the input of other islands (prepositions in locative 

phrases, for example) and the specific words that fill the island. While the associations in the 

input were not as strong as those for verbs in VACs, and there was less consistency in which 

lexical items the learners acquired first, the general trend of acquiring highly frequent and highly 

consistent pairs was still true.  

In a related study, Paquot (2019) analyzed phraseological units using a strength of 

association measure, pointwise mutual information (PMI). This study found that adverbial 

modifier PMI distinguished between CEFR (The CEFR Levels, n.d.) levels B2 and C1, direct-

object modifier PMI distinguished between C1 and C2, and adjectival modifier PMI only 
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distinguished between B2 and C2 while none of the absolute syntactic complexity measures 

distinguished between any of the groups. Similarly, Verspoor et al. (2012) included schematic      

chunks, which seem to fall somewhere between strictly syntactic phrases and lexical items. This 

study found that the schematic chunks distinguished between levels one and two and between 

two and three. While only one relative measure was included in the study, it was an important 

factor in distinguishing between levels. 

Although including objective relative measures in syntactic complexity is still somewhat 

uncommon, cross-sectional studies have been consistent in showing that even very different 

types of measures (v-VAC constructions; chunks, phraseological units) are better predictors of 

proficiency or distinguishing between groups than absolute ones. Longitudinal studies, on the 

other hand, show a direct relationship between input and output and additionally can provide not 

just important information about what develops and the stages of development, but also 

information about the cognitive processes involved in language development (this connection 

between target-language distribution and language learning is discussed in detail in the section 

on usage-based theory).  

An additional benefit of objective relative measures is that they improve the validity of 

how syntactic complexity is defined. Lu (2011) and Wolfe-Quintero et al. (1998) both based 

their recommendations of strong measures at least in part on their linear progress across levels or 

over time. Language learning, however, has been shown to be largely non-linear (e.g., Caspi, 

2010; van Geert, 2008), so a linear progression is not necessarily an indication of the validity of 

a measure (Bulté & Housen, 2012). In addition, when looking at absolute complexity, there is an 

assumption that ñmore is betterò (Bulté & Housen, 2014), but features associated with higher 

levels of proficiency, such as phrases, actually have lower absolute complexity in English. In 
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addition to that, in normal language use, there are norms about how much complexity can be 

parsed by interlocuters; complexity shouldnôt increase indefinitely but should approach this 

ceiling. Objective relative measures, on the other hand, provide a clear target for learners to aim 

for, one that is ecologically valid and can be adapted to learners in different contexts and 

learning languages for different purposes. 

Diversity  

Wolfe-Quintero et al.ôs (1998) synthesis included no measures of syntactic diversity, 

although ñvariety of structuresò is included in the definition of complexity. Bulté and Housen's 

(2012) survey of 40 studies also included no instances of diversity, as they point out:  

As a result [of including only a limited number of indices], both within and across CAF 

studies, only a limited range of what constitutes linguistic complexity is covered: mainly 

lexical diversity and/or syntactic sentential complexity through subordination. Other 

sources of grammatical complexity and other sub-components of lexical complexity or 

any aspect of collocational complexity, are rarely measured, if at all. (Bulté & Housen, 

2012, p. 34).  

Since then, several studies have explored syntactic diversity. In cross-sectional studies, De 

Clercq and Housen  (2017) included an overall syntactic diversity index and functional and 

formal diversity subtypes, as well as general elaboration measures and found that for these 

adolescent learners, elaboration and diversity were similar. Bi and Jiang (2020) also developed a 

measure of diversity (explained below) and compared the amount of variance it explained in the 

data to that explained by general syntactic elaboration measures. General indices of syntactic 

elaboration (MLS, complex nominals/clause, clauses/T unit) together accounted for 36% of 

variance in the data; the diversity index alone accounted for 32% of variance in the data and both 

together accounted for 45%, indicating some degree of overlap between the indices.  
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In longitudinal studies, Crossley and McNamara (2014) and Mazgutova and Kormos 

(2015) included syntactic similarity, which ñcompares adjacent sentences for clausal, phrasal, 

and POS constructionsò (Crossley & McNamara, 2014, p. 70). In general, more advanced writers 

tend to have lower syntactic similarity scores most likely due to the fact that they are able to use 

a wider variety of syntactic structures. Although syntactic similarity is not a comprehensive 

measure of overall diversity in a text, it does give an indication of the variety of structures 

available to a learner and so I include it here. Both studies found a significant decrease in 

syntactic similarity in adjacent sentences between college-level EAP students after four months 

of instruction (Crossley & McNamara, 2014) and after an intensive course that included 60 hours 

of instruction (Mazgutova & Kormos, 2015).  

Diversity, defined as type:token ratio, was included in Kyle (2016) and loaded onto the 

same factor as frequency. This factor was found to develop linearly over time in one of the two 

longitudinal corpora included in the study and individual learners followed very different 

developmental trajectories. 

Results in both cross-sectional and longitudinal studies are consistent in indicating that 

syntactic diversity is an important sub-construct of complexity. The way that it is assessed across 

studies, though, has been inconsistent, with each study using a different operationalization of it:  

¶ De Clercq and Housen (2017) divided each text into random samples of 5 AS units, 

repeated this 100 times, then averaged the number of unique codes within and across 

each sample, then calculated SDI as unique codes within samples + (unique codes across 

samples/2) - 1;  
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¶ Bi and Jiang (2020) developed a formula for determining diversity that they call  

MSTTRDR50. This is the inverse of the sum of the type:token ratio of each sample times 

total number of samples, or MSTTRDR50 = 1/n(Ɇttri) 

¶ Crossley and McNamara (2014) and Mazgutova and Kormos (2015), as mentioned 

above, used similarity of clausal, phrasal, POS constructions in adjacent sentences 

¶ Kyle (2016) used type:token ratio of constructions, main verb, and verb-VAC pair. 

These trends toward fine-grained, objective relative, and diversity indices raise questions 

about the nature of complexity as a construct. Complexity was originally conceptualized as a 

single construct of language proficiency. In the literature, many studies focus on either syntactic 

or lexical complexity, which seems to indicate that these might be two different sub-constructs of 

complexity. The research on usage-based indices indicates that there may be less of a distinction 

between lexical and syntactic complexity, however. Additionally, it is possible that these trends 

represent different sub-constructs of complexity, overlapping constructs, or even their own 

independent constructs (not sub-constructs of complexity per se). This is an empirical question 

beyond the scope of this dissertation, but could be explored using latent variable path analysis.   

 Finally, the vast majority of the research outlined above has been done on English, and 

much of it has been on learners of English for academic purposes. One convenient aspect of 

using a general measure like mean length of T-unit is that it can be used to measure virtually all 

languages (although, as noted above, there are issues of validity when doing that), creating a 

common measure to help identify trends cross-linguistically. The new trends outlined above are 

somewhat less convenient in that way because they are language specific. Fine-grained indices 

would be unique to each language and the same structures may not perform the same way across 

languages. For example, while phrasal structures have been found to be key features of academic 
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language in English, it is not guaranteed that this is true across all languages. The specific fine-

grained features associated with increased proficiency may look very different in different 

languages. This complicates cross-linguistic study of complexity development.  

Diversity and objective relative indices, on the other hand, are based on the target language, 

but generalize across specific features and so may lend themselves to cross-linguistic 

comparison. For example, we would expect learners at higher proficiency levels to be able to 

produce a wider variety of syntactic structures regardless of what the specific structures of the 

language are. Similarly, in objective relative indices, we would expect learners at higher 

proficiency levels to have a better understanding of the verbs more strongly associated with 

particular VACs, regardless of the specific verb-VAC structures represented in a language.  

Syntactic Complexity in Mandarin 

The above work has primarily examined English and to a limited degree other European 

languages. However, the role of syntactic complexity in more typologically diverse languages is 

important in order to fully understand syntactic complexity. In this section, I look at syntactic 

complexity research in L2 Mandarin writing, which is relatively sparse.  

L2 Mandarin writing research includes omnibus measures (An , 2015; Jiang, 2013) and  

fine-grained measures (Jin , 2006; Wu , 2016, 2018a, 2018b; W. Yang & Sun, 2015; Yu, 

2016, 2020; Zhang, 2014). Objective relative measures do not seem to have been researched in 

Mandarin. Diversity was included in Zhang (2014).  

Jiang (2013) and An  (2015) both used traditional T-unit based measures to analyze the 

syntactic development of L2 Chinese learners. Jiang (2013) examined the effectiveness of three 

indices in distinguishing between three L2 proficiency levels and native speakers. Mean length 

of T-unit (words, not characters) and mean length of error-free t-units (words) distinguished 
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between levels 2 and 3 and between 3 and NS, but not between levels 1 and 2. The percentage of 

error-free T-units distinguished between all four levels.  An  (2015) examined five indices 

related to the development of complexity, accuracy and fluency. The only one that dealt with 

syntactic complexity was clauses per T-unit. The ANOVA analysis showed significant 

differences between the three levels studied. However, learner texts were chosen from a larger 

corpus based on scores. Only writing samples that scored 50, 70, or 90 points (out of 100) were 

used and these benchmarks were chosen specifically because the authors wanted to ensure the 

levels were distinct.  

Fine-grained measures include Zhang's (2014) study of resultative verb compounds and 

W. Yang & Sun's (2015) study that included a variety of specific features (such as passive, 

aspect marker  guo, etc.). Resultative verb compounds are a kind of verb construction in 

Mandarin that may indicate direction, completion, or ability. They consist of a verb followed by 

another word that indicates additional information about the verb. They may indicate mode, 

direction, or ability. Zhangôs study analyzed the frequency, versatility (discussed under 

diversity), and accuracy of resultative verb compounds in a corpus of 784 essays at the 

intermediate low, intermediate high, advanced, and native speaker level. The study found that the 

use of RVCs generally increased with proficiency, although this was not always significant for 

all RVC types across all levels. Yang and Zhao (2018) found no significant differences between 

production in a one-semester study that included a variety of fine-grained syntactic features, such 

as ba structures, passives, and others as well as the number of specific syntactic features per 

sentence. The authors concluded that the study may have been conducted over too short a time 

period to see meaningful change in learner production.    



  

22 
 

The topic-comment structure of Mandarin has been a consistent focus of complexity 

research in Mandarin. The selection of topic-comment structures is based on linguistic theory: 

Mandarin is considered to be a topic-comment language, which relegates subordination to a less 

prominent role, and so general measures that largely feature subordination are not appropriate for 

Mandarin (Jin , 2006; Yu, 2020; this is discussed in more detail below). Jin  (2006) 

compared TU and clause-based measures to measures based on topic-comment structures and 

found that the topic-comment measures performed better. More recently, Wu  (2016, 2018b) 

found that for both English and Korean L1 learners of Mandarin, the number of zero-anaphora, 

number of topic chains, and clauses/topic chain effectively predicted scores and also 

distinguished between proficiency levels. In addition to this, for Korean L1 learners, mean length 

of TU was an effective predictor of proficiency while for English L1 learners, the mean length of 

the topic chain was effective, indicating that in general, the topic-comment and zero-anaphora 

measures performed better than general measures although this may be influenced by L1. Yu 

(2020) developed a taxonomy of topic-comment structure types and validated them using written 

data from learners and native speakers. The results of this study indicate that the topic-comment 

based measures discriminate between low and high-level Chinese learners and native speakers. 

However, the proficiency groups were quite broad in this study. 

With the exception of Wuôs studies, research on syntactic complexity in Mandarin doesnôt 

compare omnibus/general and fine-grained measures, but overall, the results seem to indicate 

that topic-comment measures do a better job of predicting both proficiency and between-group 

differences in Mandarin. 

Diversity was included in Zhang's (2014) study of RVCs, operationalized as the number of 

unique RVCs produced. This was found to generally increase with proficiency, although, like 
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frequency of RVCs, this was not always significant for all RVC types across all proficiency 

levels.  

Of the trends outlined in the Current Trends in Syntactic Complexity section, general 

indices and a limited selection of fine-grained indices have been used to research the writing 

proficiency of Mandarin learners. Like the research that has primarily been done on learners of 

English, fine-grained indices seem to be better at accounting for variance in learnersô writing 

proficiency than general indices, although there is relatively little work comparing the two types 

of indices. Diversity seems to have been included in only one study and using only the diversity 

of RVCs. Objective relative indices, on the other hand, have not been studied at all.    

Syntactic Complexity Summary 

Many indices of complexity have been developed and tested mainly in learners of English 

and particularly in EAP contexts, but how these indices perform in other languages and learning 

contexts, particularly in typologically distinct languages, is not well understood. In light of this, 

the first part of this dissertation extends Kyle and Crossley's (2017) comparison of general 

indices and usage-based indices to Mandarin learners. Usage-based indices are chosen because a) 

they are directly rooted in language acquisition theory, unlike fine-grained indices which, for 

Mandarin, have largely been selected based on language typology; b) they can be directly 

compared to the results of Kyle and Crossleyôs work on English to provide evidence for how 

applicable these indices are across languages; and c) Usage-based indices have never been tested 

on Mandarin and so should be included in the analysis. The first study in this dissertation 

compares the effectiveness of general indices and usage-based indices in predicting writing 

proficiency score in a large cross-sectional learner corpus, specifically asking:  
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Research Questions 1-3 

1. What is the relationship between usage-based indices and writing proficiency scores in 

the writing samples of Mandarin learners, and which indices show non-linear 

trajectories? 

2. What is the relationship between traditionally used indices and writing proficiency 

scores in the writing samples of Mandarin learners, and which indices show non-linear 

trajectories? 

3. Of the indices identified above, to what extent do the different types of indices account 

for unique variance in the data? 

Usage-based Theory 

The ability of usage-based indices to predict writing score across a wide range of 

proficiency levels in a large, cross-sectional corpus is tested in the first study of this dissertation. 

This study found usage-based indices to be better predictors in terms of the amount of variance 

explained and for other reasons (discussed in detail in Chapter 3). The first study directly informs 

the second study, which analyzes the longitudinal development of complexity in learner writing, 

by providing empirical evidence of the validity of usage-based indices on Mandarin. Since the 

dynamic processes of development over time are the focus of this second investigation, usage-

based approaches are combined with a compatible theoretical orientation, Complex Dynamic 

Systems theory. Both theoretical orientations are discussed in detail below, including points of 

overlap between them. Finally, Network Science is proposed as a tool that could allow for the 

more holistic analysis of complexity. 

Usage-based theory of language learning is closely entwined with Emergentism and 

Construction Grammar. In Usage-based theory, language knowledge is conceptualized as a 

mental ñdatabaseò of specific exemplars of language a person has experienced. Included in this 
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database is information related to the form, or constructions (phonology, morphology, lexicon, 

syntax, etc.) and its function (semantics, pragmatics, discourse), distributional patterns of 

exemplars, and generalizations about which exemplars can be grouped together (Ellis, 2002a, 

2002b; MacWhinney, 2014).  

To learn a language, then, requires building this mental database so that the exemplars, 

generalizations, and regularities are consistent with the target language (Langacker, 1999). This 

information is gathered and tallied from input via general cognitive processes with no specialized 

language-exclusive cognitive modules (Bybee, 2006; Ellis et al., 2014b; Langacker, 1999). The 

main processes involved are symbolization, attention, memory, association, entrenchment, 

schematization, categorization, extension, and composition (Bybee, 2006; Ellis, 2002a, 2002b; 

Langacker, 1999).  

Usage-based theory, in short, proposes that frequency and distributions found in language 

facilitate the cognitive processes involved in language learning. While a detailed explanation of 

these processes and their interactions is beyond the scope of this dissertation, a brief introduction 

is provided.  

Symbolization is the ability of humans to associate abstract concepts (ideas; the meaning 

of an utterance) with concrete structures (phonology, orthography, gestures; the form of an 

utterance). Attention , and the human ability to focus attention, is required to notice new 

instances of forms and their accompanying meaning or new uses of already known forms. This 

initial noticing is stored as a memory in the hippocampus, which is the center of explicit, 

episodic memory  (Ashcraft & Radvansky, 2018; Ellis, 2002b). Association is the cognitive 

function that allows one thing to evoke another, in this case form evokes meaning or vice versa. 

The more the item is repeated, the stronger the association between form and meaning becomes, 
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so that it becomes increasingly entrenched, or automatized, until it becomes its own 

independent unit, requiring no conscious processing (Bybee, 2006; Langacker, 1999). This 

ongoing process of association development makes use of implicit memory, which is stored in 

the cortex (Ellis, 2002b).  

As more and more new items are stored in memory, regularities are identified through 

abstraction, the emergence of structure through repetition, and schematization, a special form 

of abstraction that allows one to overlook fine-grained differences in order to identify large-

grained similarities, so that experiences need not be identical in order to be grouped together, as 

long as they have some degree of commonality (Langacker, 1999). Schemas may be more or less 

specific, with more specific schemas nested within less specific ones. Once a schema is 

established in this way, new items may be added to it through categorizationðthe new 

information is compared to what already exists. Categorizations need not be exact matches but 

must have some degree of commonality. Extension, the ability to connect things that are not 

perfect matches, aids both schematization and categorization. Compositionality allows the 

linguistic units to be mixed and matched. Although these are often called building blocks where 

larger, more complex structures are built of smaller ones, they can also become entrenched 

through repeated use and so are no longer completely reducible to the original parts, so in 

language processing, there is partial compositionality. These processes can be implemented at all 

construction levels (phonology, morphology, lexicon, syntax; Langacker, 1999).  

The mental database that emerges as a result of these cognitive processes contains 

thousands of form-meaning pairs, or constructions, with information about frequency of 

occurrence, frequency of co-occur, and associations between form and function. Based on this 
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knowledge, the learner then produces language based on the probability of it being acceptable, 

even though it is not the same as a previously experienced exemplar (Ellis, 2002a).  

Strength of Association 

How these cognitive processes are related to language use, specifically to the frequency 

and distribution of form-meaning pairs in the input language the learner receives, has been a 

major focus of usage-based research and shows a progression from prototypes (or memorized 

chunks) to more schematized constructions (or those that can be used creatively). Verb-argument 

constructions (VACs) and the lexical verbs that fill them have been the main subject of research 

since verbs are central to the meaning of a clause. As an example, this kind of research would 

treat a construction like subject-Verb-object1-object2 as a VAC construction that also carries a 

meaning independently of the specific words that fill it. A common example is that in a sentence 

with nonsense words such as ñThe frab mandools the bix a trox,ò we understand that some 

animate entity is transferring something to someone/something else, even though we donôt know 

what these made-up words mean. This kind of construction, then, selects verbs of transmission 

like give or tell.  

In the language production of native speakers, verbs of transmission are much more likely 

to appear in this construction than other verbs and so are said to be strongly associated with the 

construction (Ellis et al., 2014a; Gries et al., 2005). Similarly, other verbs are exponentially more 

frequent in other VACs. The frequency distribution of verbs in VACs tends to be Zipfian, with 

one exponentially high-frequency verb that is prototypical of the meaning of the VAC (Ellis, 

2002a). Because one verb is exponentially high-frequency in a given VAC, learners receive more 

input of that verb-VAC pair and so it acts as a prototype or pathbreaker for the construction. 

Once the prototype is established, with ongoing input exemplars, additional verbs begin to be 
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substituted into different islands via processes of schematization and the learner develops a more 

analyzed construction, or the ability to creatively use language.  

Strength of association and frequency indices in native speaker production have been used 

to measure the extent to which learners acquire high-frequency verbs and strongly associated 

verb-VAC pairs first. First the strength of association for each v-VAC pair is determined based 

on input or target-language corpora, which serve as approximations of learner input, then that 

strength of association is used as an index of learner proficiency. To understand the association 

between a verb and VAC, it is important to note that there are four possible combinations of a 

VAC and the verb that fills it, shown in Figure 3. The bolded outer box in Figure 3 represents all 

verb-VAC combinations in the corpus. The inner box a. represents how frequent a particular 

verb-VAC pair is, b. represents how frequent the verb is in other constructions, c. represents how 

frequent the construction is with other verbs, and d. represents all other verb-VAC pairs (those 

with neither the verb nor VAC). All four contingencies influence the strength of association 

between verb and VAC. 

Figure 3  

Verb-VAC Possibilities 

a. + verb + VAC 

b. + verb -VAC 

c. -verb + VAC 

d. -verb - VAC 
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Theoretically, if the verb-VAC pair occurs together frequently and neither the verb nor the 

VAC is frequent in other constructions, the pair is highly consistent and it is easier to form strong 

associations between such a pair (in Figure 4, the extreme case, b and c are both very small).  

Figure 4  

High-frequency, Highly Consistent V-VACs 

a. + verb + VAC 

b. + verb -VAC 

c. -verb + VAC 

d. -verb - VAC 

On the other hand, if, as in Figure 5, the verb and construction are less frequent 

(represented by a smaller box for a) and/or also appear frequently in other contexts (represented 

by larger boxes for b and c), then the verb and VAC are less strongly associated. This 

inconsistency may arise from a low frequency V-VAC pair, which may decrease likelihood of it 

being noticed and, if noticed, may not provide sufficient data for associations to be formed; or 

confusion about the association caused by high incidences of the verb in other.  

Figure 5  

Low-consistency V-VAC Pairs 

a. + verb + VAC 

b. + verb -VAC 

c. -verb + VAC 

d. -verb - VAC 
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Using all or some of these proportions of verb-VAC pairs, strength of association (SOA) 

has been operationalized in different ways, including Delta P, Faith, and Collexeme strength. 

These are defined and discussed in detail in the methods section of the first study. Here, I focus 

on research that has relied on them to study language acquisition and development. 

Research on language learners indicates that in general, at the group and individual level, 

acquisition of a VAC construction does start with v-VAC pairs that are strongly associated and 

high in frequency (Ellis & Ferreira-Junior, 2009b, 2009a). Across proficiency levels, Kyle and 

Crossley (2017) found that verb frequency decreased as proficiency level increased, but at the 

same time, the strength of association between verb and VAC increased. This may be because 

low-frequency verbs may be more specialized and so ultimately have high strength of association 

with particular VACs.  

However, the theorized progression from prototypical high-frequency and high-SOA v-

VAC pairs to more schematized constructions may also be influenced by a number of factors 

such as:  

¶ Genericness of the verb, with learners selecting more generic verbs over less generic ones 

(Ellis & Ferreira-Junior, 2009a) 

¶ L1, with learners from languages with different typologies showing different patterns in 

verb selection (Römer et al., 2014) 

¶ Instructed learning, which may skew the input distributions (Ellis, 2002a, 2002b) 

¶ Learner-specific factors (Ellis, 2002b) 

While the main focus in usage-based studies has been on VAC constructions and the verbs 

that fill them, a similar approach has been applied to phraseological constructions. Ellis and 

Ferreira-Junior (2009b) extended Ellis and Ferreira-Junior (2009a) to include other islands in the 
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constructions under study. Specifically, the islands listed were analyzed for each of the following 

VACs: 

¶ VL: subject, preposition (e.g., in, on, under), locative (e.g., the table, the book) 

¶ VOL: subject, object, preposition, locative 

¶ VOO: subject, object1, object2 

For the learners in this study, ñunlike for the verbs which center the semantics of each 

VAC, there is no single pathbreaker that initially takes over each of the other islands of the VAC 

exclusivelyò (Ellis & Ferreira-Junior, 2009b, p. 211). There is high overlap between the top 10 

items used by the NS and NNS, but it is not as strong as the relationship between verbs and 

VACs. So it seems that part of speech and particularly the centrality of the part of speech to the 

construction meaning may also mitigate frequency and frequency distribution effects. 

More recently, Paquot (2019) analyzed phraseological units, which are ñco-occurring 

words that appear in specific constructionsò (p. 121)  using the pointwise mutual information 

index. PMI measures the probability of words occurring together vs independently. For example, 

the phrases severe weather, windy weather, stormy weather all have high PMI because they are 

more likely to appear as a pair than each word is to appear separately; on the other hand, the 

phrases cold weather and hot weather are high frequency pairs with weather but donôt have high 

PMI because cold and hot are likely to occur in other contexts. This study found that adverbial 

modifiers, which were not associated with specific domains, distinguished between CEFR (The 

CEFR Levels, n.d.) B2 and C1 levels, while direct object modifiers, which were more specific to 

certain domains, distinguished between the more advanced C1 and C2 groups (pp. 136-7).  

These studies on second language learners show that frequency and strength of association 

in the input are directly related to the order in which learners acquire verbs in VACs, although 
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that may be mitigated by generality, centrality, and specificity. Beyond the v-VAC construction, 

less work has been done and overall appears to have weaker distributional patterns, which raises 

the questions of how these island categories emerge and develop.  

Figure 6 is a classic illustration from Ellis and Ferreira-Junior (2009b) that visualizes how 

a construction may emerge from input. 

Figure 6  

Representation of Construction Emergence (Ellis & Ferreira-Junior, 2009b, p. 194) 

 

Figure 6 illustrates how the cognitive system might develop from a prototype (in this case 

put it on the table) into a schematized construction (or verb-object-locative construction) with 

increased and varied input. However, Figure 6 illustrates the development of only one VAC. In 

reality, learners acquire multiple VACs simultaneously and, at the same time, acquire 

constructions at different levels (morphological, lexical, phrasal). As a relatively straightforward 

example, first-year Chinese learners in an undergraduate program are expected to learn about 10 

main VACs over the course of a year. One would expect that VACs taught earlier in the year 

would be at a more advanced stage of development while those taught later would be less well-
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developed. At the same time, VACs are not the only constructions being acquired: learners also 

acquire morphological, lexical, and phrasal constructions simultaneously and these are similarly 

expected to be at varying stages of development. To further complicate the matter, the 

constructions are embedded within each other (lexical items within both phrases and clauses and 

phrases within clauses) and there is an overlap in the lexical and phraseological constructions 

across VACs (i.e., a noun phrase like the teacher could appear as a subject, object, or object of 

preposition in different VACs), so that development in one VAC would be expected to impact 

development in other VACs, potentially in ways that are not linear. It is these interactions and 

processes that the second part of this dissertation explores; specifically, it asks:  

Research Questions 4-5 

4. How do overlapping and embedded lexical, phrasal, and clausal constructions emerge 

and progress in early learners of Mandarin?  

5. How do processes of schematization unfold in development across different levels of 

constructions? 

Dynamic Systems  

The process of language development described above (even for a relatively 

straightforward low-level learner in an instructed/controlled environment) meets the criteria of a 

complex dynamic system in that it is:  

¶ A system: It is a group of components that affect, change, or impact each other and are 

nested in hierarchical structures (Caspi, 2010; van Geert, 2008, 2009). 

¶ Complex: It has many parts and complex rules for how they change over time (Rickles et 

al., 2007). 

¶ Dynamic: The components in the system change, and those changes result in change in 

the overall system. These changes are not necessarily linear, with minor changes at one 
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level potentially resulting in overhaul of the entire system or, conversely, major changes 

at one level potentially having only a nominal effect on the whole system (Briggs & 

Briggs, 1989; Caspi, 2010; de Bot et al., 2013; Ellis, 2011; Larsen-Freeman & Cameron, 

2008; van Geert, 2008, 2009). 

Because language development meets these criteria, in the second part of this dissertation, 

I treat language development as a complex dynamic process and turn to methodologies used to 

analyze complex systems. Because of that, I first provide an overview of complex dynamic 

systems theory (CDST), then discuss the compatibility between usage-based theory and CDST as 

well as a combined Dynamic Usage-based approach. After that, I discuss methods that have been 

used to study language development from a CDST approach as well as Network Science, which I 

propose as a framework for the research questions proposed.  

Complex Dynamic Systems Theory is an umbrella term for approaches to understanding 

the processes of change in systems over time (Hiver & Al -Hoorie, 2019; Larsen-Freeman & 

Cameron, 2008; Rickles et al., 2007). With roots in mechanics, biology, meteorology, public 

health, and economics, CDST has been used to model, explain, and to some degree predict 

behaviors of systems comprised of interacting parts.  

Features and Functioning of the Dynamic System:  

Processes of change are the focus of study in CDST, so here, I look first at how the 

language system is conceptualized to evolve over time. CDST assumes that all aspects of the 

system and its subsystems are connected and interact with each other. Each of the individual 

components of linguistic knowledge (which includes things like phonology, morphology, 

lexicon, syntax, discourse, pragmatics, etc. and their subsystems and individual components) has 

its own dimension, and so the language system exists in a high-dimensional space. Components 

that interact more and make up sub-systems are closer than others, while others are more distant. 
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In addition, language and cognition are not isolated in the mind of the learner, but closely 

connected and are also connected to the environment and context (Ellis, 2011; van Geert & 

Verspoor, 2014).  

The CDST conceptualization of the language system, then, is envisioned as a high-

dimensional space called a state-space, with each component of language falling at a certain 

point on its dimension at a given time. Change in the system is a multi-dimensional trajectory 

made up of a series of these states at sequential points in time (van Geert, 2008, 2009). Although 

these dimensions are, in theory, infinite, language can likely be represented by relatively few 

(but still many) variables, which are theoretically motivated or empirically shown to be critical to 

the system (van Geert, 2009). Even so, it is unrealistic to map out the entire language system 

over time, and so specific sub-systems are generally selected for analysis.  

Stability and Change in a Dynamic System 

Although dynamic systems change over time, they or their subsystems tend towards 

equilibrium or stability: The attractor state.  

While equilibrium is desirable, in human cognition, development cannot really happen 

without some disruption (van Geert & Verspoor, 2014). Conceptually, the way that this happens 

is that the language system has an existing or initial state. In adult learners, for example, this 

state may be the already known languages. Some features of a new language may be introduced 

to the system from the outside world via input or instruction and the learner eventually starts to 

notice and use some of these features, potentially in a limited or non-target-like way. With 

continued input, more sophisticated or nuanced aspects of the features may be introduced/noticed 

by the learner and the learner may also start to produce those more sophisticated features as well, 

but for a time, the learner still retains the previously used, less sophisticated features and may 

still revert to those. This leads to high degrees of variability in the learner output: Sometimes 
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more sophisticated language is used; sometimes it is not. In time, the more sophisticated features 

may take over and the more basic features disappear from the language; in this case, the system 

(or subsystem) has moved from one attractor state to another, better one. But the system may 

also revert to the basic state or even the state without any of the features at all; in this case, 

attrition has occurred. This process means that increased individual variability can be a precursor 

to change in the system and so systematic variability is a key focus of CDST-oriented studies of 

second language development. 

This tendency of the dynamic system to move toward equilibrium is called self-

organization: The system restructures in order to adapt to and accommodate new information. 

This self-organization process emerges from the interactions of the components and leads to 

outcomes that are not necessarily directly predictable from the input: The language a learner 

produces is not simply mimicking or memorizing what they have heard or read. Self-

organization leads to the emergence of language (Hiver & Al -Hoorie, 2019).  

Change in a system occurs according to the evolution rule(s) of the system. In language 

development, there are probably many rules for different levels (morphology, pragmatics, etc.) 

and at different proficiency levels. One very general rule is that the following state depends 

directly on the previous state (van Geert & Verspoor, 2014). An evolution rule has parameters 

that define and delimit it. In language, there are cognitive resources that may limit the ability to 

make associations and, hence, growth in the system. Parameters may be order parameters, 

dictating a certain hierarchy of parameters; or control parameters, which are external 

interventions. There may be infinite evolution rules for a given system, but like the components 

of the system, some will be more central and have a more direct impact while others will be 

more peripheral. Control systems are external to the system but may still influence its trajectory. 
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In this case, a control system might be the type or amount of instruction/input a learner gets, 

directly influencing development. Finally, there are perturbations, or external obstacles that 

disrupt the trajectory (van Geert, 2008). 

The evolution rules act first on the initial state of the system. As the system evolves, each 

new state of the system is a new initial state on which the evolution rules (and possibly different 

or additional evolution rules) act. Because of the iterative nature of this process, differences at 

the initial state tend to be exacerbated over time, so that very minor initial differences can lead to 

drastically different trajectories. This makes it incredibly difficult to predict exactly how a 

dynamic system will develop, since the exact initial conditions are not always accounted for  

(Rickles et al., 2007; van Geert, 2009). Additionally, the same emergent property can be 

generated in different ways and be arrived at via different trajectories (Rickles et al., 2007). 

Because of this, the focus of CDST has generally been on explanation, not prediction (Larsen-

Freeman & Cameron, 2008). Systems can be deterministic (future and past states can be 

predicted based on the current state), semi-deterministic (future, but not past states can be 

determined from the present state), or undeterministic (neither past nor future can be predicted) 

(Rickles et al., 2007). Prediction of developmental trajectories does not seem to have been a 

major focus of L2 CDST research, and it seems that the predictability of language development 

is an open empirical question. In other fields, like meteorology, which have made use of CDST , 

probabilistic prediction is possible: The likelihood of rain each day for the next week or so can 

be predicted with reasonable accuracy, but the exact time and amount of rain cannot be. Or on a 

different timescale, we know hurricanes are likely to happen in June but very unlikely in 

December. Similarly, with enough data, we may eventually be able to make specific predictions 

about the next few steps a learner is likely to go through and better understand what to expect at 
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different points in development (Briggs & Briggs, 1989; Browne & Nesselroade, 2005; Rickles 

et al., 2007).  

In the state space of the language, variables that are close and directly impact each other 

are connected growers (van Geert, 2008; lexicon and syntax are a commonly cited example). As 

alluded to above, cognitive resources in the language system are limited, so these connected 

growers may maximize the use of resources by growing in tandem. But they may also compete 

with each other for the limited resources, in which case one decreases while the other increases, 

and this relationship can change over the course of development. As van Geert (2009) points out, 

these relationships can be symmetrical and supportive, symmetrical and competitive (in which 

each supports or competes with the other equally), non-symmetrical supportive and competitive 

(there is an imbalance in the relationship where one is more supportive/competitive than the 

other), or conditioned, where one variable has to reach a threshold before the other can start.  

Change in the system may occur on both short-term and long-term timescales. These may 

range from milliseconds to years (Larsen-Freeman & Cameron, 2008; van Geert, 2009). There 

are expected to be recurring patterns at different timescales and these timescales are expected to 

interact (e.g., change in retrievability in milliseconds may impact the seconds of language 

production, which may in turn impact memory storage at the day, week, or month level; de Bot 

et al., 2013; van Geert, 2009).  

A further complication in human development is the role of agency. While some dynamic 

systems consist only of elements, such as weather, many aspects of language learning are under 

the direct control of the learner: attention, motivation, goals, etc., and all of these can also change 

over time (although some aspects of language learning, like associations, may ultimately be 
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subconscious, if a learner chooses not to go to class or does not to pay attention to input, 

associations cannot be made). 

Chaos and Complexity 

While most work in language development has focused on complex systems, there is 

another sub-field of CDST that may be of relevance: Chaos systems (Rickles et al., 2007). ñThe 

key difference between chaotic systems and complex ones lies, therefore, in the number of 

interacting parts and the effect that this has on the properties and behavior of the system as a 

whole. é Complex systems are coherent units in a way that chaotic systems are not, involving 

instead, interactions between unitsò (emphasis in original; Rickles et al., 2007, p. 935). 

These two types of systems are not mutually exclusive: ñChaotic systems are not 

necessarily complex and complex systems are not necessarily chaotic (although they can be for 

some value of the variables or control parameterò (Rickles et al., 2007, p. 934). A complex 

system may reach a critical point where it is between order and chaos, or on the edge of chaos. 

At this point in the complex system, there is a high degree of connectivity between the subunits 

and ñeverything depends on everything elseò (Rickles et al., 2007, p. 935). At this point, there 

are heightened connections between all aspects of the system/subsystems, and the 

interconnection results in qualitative phase shifts or change in the qualities of the system. For 

example, when a magnet is heated, the strength of the magnet gradually weakens, but at a critical 

point, there is a shift from being magnetic to being a non-magnetic piece of metal.  

In physiology, chaos is an indicator of good health, whereas steady states are typical of 

illnesses like heart disease and epilepsy; it seems that some degree of chaos may be beneficial to 

language development as well. Lowie et al. (2014) discuss this in terms of noise, or variability in 

the data: Brown noise is overly regular and white noise is overly random. Pink noise is the 

criticalðand idealðpoint between rigid order and complete chaos. That study examined the 
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degree of noise in word production tasks in one Dutch L1 learner/user of English over six years 

and found that over the course of six years, the variability in response times started out quite 

random and decreased, approaching the optimal pink noise level while the native language 

stayed the same (and around the pink noise level).  

It is also feasible to think that in cognition, as in physiology, this near-chaos state of high 

connectivity may play a role in language development by allowing enough connection between 

various parts of the system to allow for new connections to be formed and reorganized in 

different ways that lead to development.  

Usage-based and CDST Connections 

 CDST  approaches to the study of language learning are directly related to and highly 

compatible with usage-based approaches (Langacker, 1999; van Geert, 2008; van Geert & 

Verspoor, 2014; Verspoor & Behrens, 2011). Typically, the focus of CDST has been on 

processes of change, while usage-based approaches have focused on environmental, 

psychological, and biological reasons for that change (van Geert & Verspoor, 2014). However, 

since the changes that happen over the course of language development are entwined with 

environmental, psychological, and biological reasons for change, more overlap between the two 

may ultimately lead to a more comprehensive understanding of language development. Below, I 

first highlight points of intersection between usage-based theory and CDST and then describe 

Langacker's (1999) Dynamic Usage-based Model (DUB), ña usage-based model with dynamic 

processingò (p 116). 

Overlap between CDST and UB Approaches 

General points of overlap between CDST and UB approaches include emergence, 

iteration, non-linearity, hierarchical structures, and rules for development. In both usage-based 

theories and CDST, the development of linguistic knowledge is considered to be a bottom-up 



  

41 
 

process of emergence from the interaction of a highly complex environment (society/linguistic 

input/interaction) and human cognition. As evidenced from the studies highlighted above, UB 

approaches have focused on the relationship between frequency and frequency distributions in 

the input learners are likely to get as the driving force of this emergence.  CDST, on the other 

hand, has focused on processes of change that lead to emergence, particularly individual 

variability leading to higher-level abilities, as well as relationships between different constructs 

of the language system. A few attempts have been made to include features of the target 

language (input) into dynamic system research (e.g., Verspoor et al.'s, 2008 study that included 

words from the academic word list; Spoelman & Verspoor, 2010 who loosely tied the normal 

number of case markings in the target language to learner production), but there is no reason that 

this could not be expanded upon. A key tenet of CDST is that development is based on time, and 

while many UB studies have used longitudinal data (Ellis & Ferreira-Junior, 2009b, 2009a), 

others did not (Kyle & Crossley, 2017; Paquot, 2019; Römer et al., 2014).  While the latter do 

not strictly fall under complex dynamic systems studies, they may inform studies that take a 

complex dynamic systems approach.  

Related to emergence, both CDST and UB approaches consider iteration to be critical to 

the development of language knowledge. In UB approaches, this is seen in the emphasis on the 

impact of frequency and distribution as the driving forces behind building associations. In CDST 

approaches, iteration is seen in the focus on longitudinal development at the individual level and 

particularly on the need for data collected at very close time points: The underlying assumption 

is that as learners interact more with the target language, their language system will be disrupted 

and ultimately progress to higher levels, as evidenced by periods of increased variability.  
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Both approaches also consider language development to be non-linear. While from a 

macro level view, development may appear to be linear, the denser data used in CDST 

approaches shows that it is full of jumps, plateaus, and regression. In usage-based approaches, 

emergence of language happens in relation to a complex and changing environment with many 

factors that influence the rate of development.  

The way that knowledge is structured in hierarchical ways is also very similar in CDST 

and UB approaches. The CDST approach allows for subsystems to be embedded in higher-level 

subsystems indefinitely. This is parallel to the UB conceptualization of language knowledge as 

ña continuum of different levels of complexity and abstraction. Constructions can comprise 

concrete and particular items (as words and idioms), more abstract classes of items (as in word 

classes and abstract constructions) or complex combinations of concrete and abstract pieces of 

language (as mixed constructions),ò and these constructions may be ñsimultaneously represented 

in and stored in multiple forms, at various levels of abstractionò (Ellis, 2011, p. 656). In addition, 

more specific schemas can be embedded within broader schemas (Langacker, 1999) and 

different levels of construction (lexical, phrasal, clausal) are also embedded within each other 

(Goldberg, 1995). 

While both allow for specific evolutionary rules and parameters of development, this is 

much more developed in UB theory than in CDST. CDST does theorize that a system has 

evolutionary rules, and focuses on patterns of variability in relationship to new states in the 

system, but not on the cognitive processes that might lead to variability and state change or on 

aspects of the input language. UB approaches, on the other hand, have defined cognitive 

processes as rules and parameters for language development. And input could be seen as an 

external control system that also places limitations on how those rules may operate. It should be 
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noted that many rules can be included in the system, with different rules operating at different 

levels with differing degrees of specificity.  

Dynamic Usage-based Theory 

Many aspects of CDST and UB theory are compatible and overlap with each other, 

although the two frameworks have focused on different (but related) aspects of development. In 

light of this, a combination of the two is ideal when studying processes of development. As 

Langacker (1999) points out: ñonce a speaker learns to make a correspondence between the 

object argument in a finite clause and a nominal in the clause containing it (say a relative clause), 

it might subsequently be easier to make an analogous correspondence in another type of 

construction (e.g., in clefting)ò (Langacker, 1999, p. 121). Langacker's (1999) Dynamic Usage-

based Model (DUB), which situates usage-based theories in a dynamic framework, provides a 

theoretical framework for how this might work. 

For the purposes of processing, the dynamic system is the neurological system because ñin 

the final analysis, linguistic structures and relationships reside in cognitive processing, identified 

as neurological activityò (Langacker, 1999, pp. 96-97). An experience with language is 

associated with a particular point in the state-space (or will follow a similar trajectory), and to 

the extent that experiences are similar, they will have neighboring neurological activation 

patterns (or parallel trajectories) in the state-space. Activating one of those patterns will also 

facilitate the activation of those similar to it, which are nearby. Repeated use of similar structures 

facilitates activation of those nearby, leading to the extraction of a schema with its instantiations 

(this schema is an attractor). Categorization, then, is ñcapturedò by an attractor. New input 

activates a variety of previously established patterns (or attractor states), one of which wins out 

over the others, then the new input is categorized by that pattern. It may be a perfect match, or 

there may be some differences between them, expanding the category beyond a simple 
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prototypical one. Component structures are activated in the process of activating more elaborate 

activation patterns, but components are not building blocks that form a composite structure; 

composite structures can be entities in their own right, different from the sum of the components. 

In this model, semantic structure subsystems (meaning) are established in one bank; 

phonological (form) in another, with connections and overlap between the two (Langacker, 1999, 

pp. 95-98). Importantly, expansion of the categories (outward growth) induces upward growth by 

extracting higher level schemas (attractors).  

Analytical Approach 

One difficulty with this dynamic usage-based conceptualization of language development 

is how to analyze so many factors and their relationship to growth over time at the individual 

level. The main focus of UB theory has been on the relationship between verbs and VACs or, to 

a lesser degree, between words and phrases. This limits the analysis to single constructions and 

doesnôt consider the overlapping and embedded nature of lexical items, phrases, and VACs (for 

example). The methods employed by CDST are generally moving-average plots, which trace the 

development of only one feature (and sometimes changepoint analysis to identify significant 

points of change; e.g., Baba & Nitta, 2014; Polat & Kim, 2014; Spoelman & Verspoor, 2010; 

Verspoor et al., 2008). Other CDST research has made use of moving correlations and related 

measures (e.g. Spoelman & Verspoor, 2010; Verspoor et al., 2008), which capture bi-directional 

relationships between different components of a system. Vyatkina et al. (2015) used hierarchical 

modeling to analyze change in seven features of the German modification system, but 

hierarchical models still require looking at each feature individually and do not account for their 

interaction. Other research from a CDST approach has relied on case studies to better understand 

learner progressions (Eskildsen, 2015; Lesonen et al., 2020). 
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While these approaches have led to groundbreaking discoveries in the study of second 

language development, they do not allow for the analysis of the kinds of interactions within and 

across different levels of constructions that were raised in my research questions. In order to 

conduct a relatively holistic analysis of processes of schematization in longitudinal data, I turn to 

Network Science, which was designed and developed for the analysis of complex dynamic 

systems (Barabasi, 2015). Below, I provide an overview of Network Science and its use in the 

study of language. Specific indices used for my study are described in detail in the Methods 

section of the second part of the dissertation. 

Network Science, Complex Dynamic Systems, and Language Learning 

Network science has been used in a wide variety of fields from epidemiology to sociology, 

and in those fields it has led to unique solutions to long-standing problems (Kinsley et al., 2020; 

Siew et al., 2019; Vitevitch & Castro, 2015). Network science is an approach to understanding 

complex systems and the processes through which they emerge and has been used in child 

language acquisition. In second language acquisition has been applied to semantic networks 

(Ellis et al., 2016). Network science is based on graph theory and specifically on the nature and 

topology of networks, the relationships and subsystems within networks, their emergent 

properties, and their inherent limitations. To do this, each item in a network is represented as a 

node and the relationship it has with other nodes is represented by a line, or edge, linking the 

nodes. Attributes may be associated with both nodes and edges, or the lines that link them. For 

example, in a language network, the lexical items could be treated as nodes while the links are 

determined by the existence of a syntactic relationship. A node attribute, then, might be the 

lexical itemôs part of speech (verb, noun, prep, etc.) while a link attribute might be the 

dependency relations such as subject, object, etc. From this network representation, various 

quantitative values at the macro (full network), meso (sub-systems), and micro (lexical level) can 
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be used to quantify the nature of the network, and, in the case of longitudinal data, the nature of 

change in the network over time (described in Methods, Chapter 4).  

One line of research in network science takes baseline random networks and compares 

them to real-world networks to analyze different properties of the network. ñIf the property is 

absent in random networks, it may represent some signature of order, requiring a deeper 

explanationò (Barabasi, 2015, Chapter 3.10). Other research in network science focuses on 

universal properties of networks, across a wide variety of real-world systems, from social 

connections to webpages. For example, as Barabasi points out, unlike random networks, most 

real-world networks have a small-world property, meaning that despite having a large number of 

nodes and connections, each node can be reached by a relatively short path, similar to the six 

degrees of separation concept. Additionally, most real-world networks have scale-free degree 

distributions, meaning that there are a few nodes with an exponentially large number of degrees 

while most nodes have very few, leading to the formation of network hubs.  

Linguistics studies related to syntax using network science have focused on whether the 

emergence of syntax might be due to the small-world and/or scale-free nature of networks. While 

the research is not definitive, it seems that these features may be a precondition for the 

emergence of syntax, but do not fully explain it (Cech et al., 2015). In general terms, these were 

done by using words to build random, small-world, and scale-free networks in various ways, 

then testing the networks against each other and networks based on real-world corpora.  

While Network Science has not been widely used in the study of second language 

acquisition, Siew et al., (2019) provide an overview of network science applications to cognitive 

processes more generally, highlighting the ability of network science to explain human behavior 
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related to memory, semantic networks, lexical retrieval, and other cognitive processes. 

Furthermore, Cech et al. (2015) point out that:  

The complex network theory enables [us] not only to model and interpret real systems 

from a global point of view but also to analyze a global dynamic behavior of the systems. 

Consequently, the use of network analysis for modeling language acquisition should be no 

surprise because language acquisition is nothing else than a dynamic process  (Cech et al., 

2015, p. 185).. 

The use of network science in language acquisition seems to focus on child L1 language 

acquisition. Ke and Yao (2008) applied network science to child language learning, comparing 

the development of children to the language their mothers used with them over the course of a 

year. While vocabulary size, which was represented by nodes, has long been a measure of child 

language ability, that study found that degrees, or connectivity between nodes, which represents 

the productivity of word combinations, is an important additional dimension of language 

development in children and that children with low vocabulary size display more productivity in 

the use of vocabulary. It also found that over the course of the year, the use of articles became 

increasingly more similar to the child-directed language of the mothers. In this study, the links 

between words were determined by word order, not syntactic relationship. In addition to this, 

also looking at child L1 acquisition, Ninio (2006) found that children tapped into the linguistic 

network of their surroundings but did not emulate it. In fact, from very early stages of learning 

they adapted and manipulated the language to suit their own needs. 

Corominas-Murtra et al. (2009) analyzed real-world development of child language to 

build a computer-generated model using clustering coefficient and average path length as an 

indication of efficiency in the system. In this study, the links between words were determined by 
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syntactic relationships. While the model they developed was able to replicate some aspects of the 

real-world network change over time, it could not replicate others.  

While these studies have addressed very different research questions and taken different 

approaches, together, they indicate that the use of Network Science to analyze learner language 

and cognition more broadly can lead to useful results. Theoretically, network science is also 

designed to quantitatively analyze complex dynamic systems, and the framework includes a 

variety of indices that can account for growth within and interactions between different aspects 

of the linguistic system in a more holistic way than commonly used approaches in both CDST 

and UB paradigms. This leads to the final research question of this dissertation: 

Literature Review and Research Questions Summary 

In light of new developments in our understanding of the construct of complexity, this 

study analyzes the validity of usage-based and general indices of complexity in L2 Mandarin 

writing, which had not yet been established, replicating (Kyle & Crossley, 2017). Then, with 

empirical evidence of the validity of usage-based approaches to studying complexity in 

Mandarin, the second part of the dissertation turns to the question of how complexity emerges at 

the early stages of learning, taking a dynamic usage-based approach and using network science.  

Specifically, Part 1 asks:  

1. Which usage-based indices explain variance in the writing scores of learners of 

Mandarin across levels and which show non-linear trajectories? 

2. Which traditionally used indices explain variance in the writing scores of learners of 

Mandarin across levels and which show non-linear trajectories? 

3. Of the indices identified above, to what extent do the different types of indices account 

for unique variance in the data? 
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Part 2 asks: 

4. How do overlapping and embedded lexical, phrasal, and clausal constructions emerge 

and progress in early learners of Mandarin?  

5. How do processes of schematization unfold in development across different levels of 

constructions? 
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Chapter 3: Assessing General and Usage-based Indices of L2 

Mandarin Writing  
As discussed in the literature review, there has been a shift in the conceptualization of 

complexity as a construct from objective indices based on learner writing to indices based on the 

frequency and distribution of features in the target language. In English, usage-based indices 

have been found to be better predictors of TOEFL proficiency scores than general indices (Kyle 

& Crossley, 2017), although it is important to note that this study looked at relatively advanced 

learners. This first part of the study extends that work to L2 Mandarin writing. Part 1 directly 

influences the second part of the study because it identifies which types of indices would be most 

productive to focus on when analyzing language development. 

Methods  

Corpora 

Two corpora were used for this study: A learner corpus and a target-language reference 

corpus. The learner corpus, HSK  [HSK Dynamic Composition Essay Corpus] 

(2018) is a publicly available corpus of test essays from the Test of Chinese as a Foreign 

Language (HSK) that was collected between 2003 and 2005. As such, the essays and scores are 

based on a previous version of the HSK, which is divided into beginner (levels 1-2), intermediate 

(levels 3-4), and advanced (levels 5-6). Only intermediate and higher test takers are expected to 

write Chinese characters on this test, and so essays represent intermediate and advanced levels 

(levels 3-6). Each level is further subdivided into high, medium, and low, resulting in 12 possible 

levels for this dataset. Scores are assigned by the testing organization in 5-point increments from 

40 to 95, one increment for each of the 12 levels (Wang & Hu, 2021). Metadata includes reading, 

writing, listening, and speaking proficiency scores, overall proficiency scores, as well as the test 

takerôs country of origin and topic of the written essay. Data from 398 test takers who came from 

English-speaking countries was initially selected for this project as a loose approximation of 
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likely first or dominant language, since L1 metadata is not included. Four of these tests were 

given scores of zero, which fell outside of the expected range. They were removed. Figure 7 

below provides an overview of how many tests were used at each level, as well as the 

distribution of different topics at each level.  

Figure 7  

HSK Corpus Distribution by Score and Topic  

The HSK test is intended to be a general test of language proficiency and is not 

specifically focused on academic language. Learners select the level that they think they will be 

able to pass based and then pass or fail that level. In all, 26 different prompts are represented in 

this data, and there is a mix of prompts used at each level. Figure 7 also shows the prompts for 

each level.  
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 A target-language reference corpus was used to establish strength of association, attested, 

and frequency indices (described in more detail below) of general-purpose Chinese written texts. 

Because the HSK test is a general-purpose test (not specifically focused on academic language), 

the target-language use domain was defined as general-purpose, non-technical language that was 

written by and for native speakers of Mandarin. While many corpora exist for Chinese, most of 

them are accessible only within a user interface that restricts which indices can be extracted or 

are too small for this kind of analysis, therefore, a corpus was compiled specifically for this 

project. This corpus consists of written news from all available sections of three major news 

organizations in Taiwan and China, with a roughly equal amount of data from each location. 

Articles from all available sections (politics, business, sports, entertainment, editorial, food, arts, 

etc.) were collected in order to be as representative of general-interest written language as 

possible. The total corpus is about 30 million words, consisting of 74,358 texts and was collected 

in 2019-2020. Figure 8 indicates the distribution of texts that fell under each section of news, 

which is representative of the distribution in the target language use domain.  
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Figure 8  

Number of Files by News Section in the Reference Corpus 

Indices 

In all, 25 indices that fall into four categories were included in this study, as outlined in 

Figure 9. These are described in detail below.  
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Figure 9  

Indices included by type  

Usage-based indices are based on verbs, VACs, and verb-VAC pairs. These are based on 

dependency grammar, which identifies the relationships between each word and other words in 

the sentence (de Marneffe & Nivre, 2019). A VAC consists of the verb and all of its direct 

grammatical dependents. This means that usage-based indices incorporate topics (and by 

extension other features of Mandarin syntax).  

Strength of association, frequency, and attested indices are based on the target-language 

reference corpus. Strength of association indices indicate the likelihood of a given verb to appear 

in a given VAC or, conversely, of a VAC being filled by a given verb in the target-language 

corpus. For a given verb-VAC pair (A in Table 1), all other verb-VAC pairs in the corpus fall 

into categories B, C, or D, described in Table 1.  
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Table 1  

Possible Verb-VAC Categories 

A + V +VAC Frequency of a given verb-VAC pair 

B + V -VAC Frequency of the V with a different VAC 

C -V + VAC Frequency of the VAC with a different V 

D -V -VAC  Frequency of pairs having a different V and different VAC 

As described in the literature review, for every verb-VAC pair, the frequency of each 

category outlined in Table 1 can be tallied and the frequencies and relative proportion of A, B, C, 

and/or D are used to operationalize strength of association according to different equations.  

Of the equations used in this study, Faith and Delta P are directional, meaning that the 

likelihood of the verb is predicted given the VAC or the likelihood of the VAC is predicted given 

the verb. Approximate collexeme, on the other hand, is a bi-directional indicator of the verb-

VAC pair occurring together.  

Faith is simply the percentage of the given item that appears in a specific verb-VAC pair 

and considers only two of the four categories. When the verb is given, it is the percentage of total 

instances of the verb that occur in the verb-VAC pair, and so only A and B are used. When the 

construction is given, it is the percent of total instances of the construction that occur in the verb-

VAC pair and so only A and C are used. For both scenarios, Faith ranges from 0 to 1 with 

numbers closer to 1 indicating stronger strength of association.  

Delta P, or change in probability, is the difference (or change) between the probability of 

the given item occurring in the verb-VAC pair and the probability that the non-given item occurs 

without the given item. This considers all four possible categories described in Table 1 and 

ranges from -1 to +1. Positive numbers indicate an association while negative numbers indicate 
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disassociation and numbers near zero are neutral. While the Faith index only considers the 

proportion in relation to the total number of the given item, Delta P considers the total number of 

verb-VAC pairs in the corpus and the possibility that high use of the non-given item in other 

contexts could weaken the strength of association. A brief overview is provided in Table 2. 
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Table 2  

Strength of Association Indices, Equations, and Brief Explanation 

Index Name Equation Explanation 

Faith, given V A/A+B Percent of total instances of the verb that occur in the 

verb-VAC pair. This can be treated as the probability 

of the verb occurring in the verb-VAC pair 

Faith, given 

VAC 

A/A+C Percent of total instances of the VAC that occur as 

the verb-VAC pair. This can be treated as the 

probability of the VAC occurring in the verb-VAC 

pair. 

Delta P, given V A/A+B - C/C+D Change in probability between the verb occurring in 

a verb-VAC pair and the probability of the VAC 

occurring without the verb.  

Delta P, given 

VAC 

A/A+C - B/B+D Change in probability between the VAC occurring in 

a verb-VAC pair and the probability of the verb 

occurring without the VAC. 

Apx Collexeme (A/A+B - 

C/C+D)*verb_freq  

Joint probability of the verb and VAC occurring 

together (Delta P given V times verb frequency 

In addition to strength of association, frequency is another usage-based index used in this 

study. The frequency of each verb, VAC and verb-VAC pair in the target language corpus was 

tallied and ranged from one to tens of thousands. This was used to average the verb, VAC, and 

verb-VAC pair frequency in the learner texts. Finally, the percent of verbs, VACs and verb-VAC 

pairs used by the learner that were also attested in the target corpus was used.  
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For frequency and strength of association indices, token (total number of instances of a 

verb, VAC, or verb-VAC pair) and type (unique verbs, VACs, or verb-VAC pairs) were both 

considered. Attested items were only based on word types. 

The usage-based indices described above were compared with traditionally used 

complexity indices. Unlike the usage-based indices, these do not rely on the reference corpus but 

are objective counts and ratios of the linguistic features found in the learner text.  

T-Unit based measures are ubiquitous in complexity research on both English and 

Mandarin and so are included here. We follow Jiang's (2013) definition of T-unit for Mandarin: 

ña single main clause that contains one independent predicate plus whatever subordinate clauses 

or non-clauses are attached to, or embedded within, that one main clauseò (Jiang, 2013, p. 5). 

MLTU and T-units per sentence (TU/S) were both included. Following the recommendations of 

Norris and Ortega (2006), indices of clausal subordination and phrasal elaboration were also 

included. Subordination was operationalized as the number of dependent clauses per clause 

(DC/C); phrasal elaboration was operationalized as mean length of clause (MLC). For 

consistency with other work on Mandarin (Jin , 2006), mean length of sentence (MLS) was 

also included.   

NLP Tools 

Because of the relatively large amount of data used in this study, natural language 

processing tools were used to process both the target-language corpus and learner corpus. The 

Tool for the Automated Analysis of Syntactic Sophistication and Complexity (TAASSC; Kyle, 

2016) is an automated syntactic analysis tool written in Python (van Rossum, 2018) that was 

developed to process the written texts of learners of English. It measures indices of syntactic 
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complexity and fine-grained indices of phrasal and clausal complexity, as well as usage-based 

indices such as strength of association and frequency.  

For the present project, the part of TAASSC that handles usage-based and general indices 

of syntactic complexity was adapted to process Mandarin syntax. This version of TAASSC uses 

StanfordCoreNLP (Manning et al., 2014) to tokenize, POS-tag, and dependency parse both 

corpora. The code used for this analysis is publicly available at this link 

(https://osf.io/p8v4c/?view_only=99fd94865aff4ba5b49b56ed7a40151e). Because this tool was 

trained on native users of Mandarin, it was not clear how accurate it would be for language 

learners. To check this, 10 sentences per HSK level (120 sentences total) were randomly selected 

and checked. Accuracy was found to be on par with that for native-speaker data. Specifically, 

tokenization accuracy was found to be 98%, POS-tagging accuracy was found to be 94%-97%, 

and dependency parsing accuracy was found to be 85-90%. For the reference corpus, the verb-

VAC constructions were identified and frequencies of each verb, VAC, and verb-VAC pair as 

well as the category frequencies (A, B, C, and D in Table 1) were tallied for each verb-VAC pair. 

From that frequency list, Faith, Delta P and approximate collexeme strength of association 

indices were calculated. This resulted in a database that listed each unique verb-VAC pair and all 

of its related usage-based indices.  

Once the reference corpus database was created, the learner corpus was similarly 

tokenized, POS-tagged, and dependency parsed, and the verbs, VACs, and verb-VAC pairs used 

by each learner were identified. From this, the average score of each usage-based index was 

calculated using the reference corpus database and the average of each of the general indices was 

also calculated. This resulted in a spreadsheet of all 25 indices for each learner text. 

https://osf.io/p8v4c/?view_only=99fd94865aff4ba5b49b56ed7a40151e
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Statistical Analysis 

The R code used for statistical analysis can be found at this link 

(https://osf.io/p8v4c/?view_only=99fd94865aff4ba5b49b56ed7a40151e). 

The goal of this study is to identify which of the usage-based and general indices explain 

variance in learnersô writing production, if the ability to explain variance is linear across writing 

scores, and the extent to which the variance that each type of index explains is unique. In order to 

do this, the usage-based and general indices are first modeled independently using multiple 

regression. Both linear and second-order polynomial models for each type are considered. 

Finally, indices found to be effective predictors of writing score are combined into a single 

model to identify the extent to which the indices account for unique variance in the data. In total, 

five models were tested, two each for general and usage-based indices and a final combined 

model. All statistical analysis was done in R (R Core Team, 2014). Higher order polynomials 

(3+) were also tested but found to be insignificant in this data.  

The general procedures for each model were: 

Linear Models:  

1. Only indices that had a meaningful and significant correlation with writing score ( r > 

|0.1|; p < 0.05) were included.  

2. Multicollinear indices (r > |0.8|) were removed.  

3. Model-selection: For each model with non-significant indices, the index with the 

lowest F-value was eliminated and the model was re-run with the remaining indices. 

This was repeated until all remaining indices were significant, following the process 

outlined by  Gries (2021).  

4. Remove highly influential cases. In this data, there is very little metadata to indicate 

why certain texts might be outliers and the appropriateness of retaining or eliminating 

https://osf.io/p8v4c/?view_only=99fd94865aff4ba5b49b56ed7a40151e
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them. Because the goal of the study is to identify general trends in the data, and 

because the highly influential cases unduly influence trendlines, they were removed.  

5. Check assumptions for heteroskedasticity, normality and VIF.  

Polynomial Models:  

1. All indices were retained regardless of correlation to writing score since correlation is 

linear and does not reflect non-linear relationships. 

2. Multicollinear indices (r > |0.8|) were still removed since they indicate overlapping 

variables.  

3. Model-selection: same as above.  

4. Remove highly influential cases. Same as above. 

5. Check assumptions for heteroskedasticity, normality and VIF.  

Model comparison: Where there were meaningful linear and polynomial models, the total 

adjusted variance explained (adjusted R2) was used to determine which model performed better; 

the models were compared using ANOVA to determine if this difference was significant.  

After the significant usage-based and general indices were identified separately using the 

procedures described above, they were combined into a single model to identify which indices 

explain unique variance and if there was any overlap between the indices. The procedures for 

this final model were the same as those outlined above: all significant indices were included 

(both linear and polynomial), multicollinearity was checked and found to be non-existent, the 

same model selection process was followed, influential cases were removed, and assumptions 

were then checked. Finally, the combined model was compared to the usage-based and general 

models to determine if the differences between the models were significant. 
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The relative importance index LMG is also included for each index in each model to 

indicate how much variance each individual index explains. As (Grömping, 2006) points out, the 

relative contribution of each index in the model is difficult to estimate accurately because the 

order in which variables are entered into a multiple linear regression impacts how much variance 

they are estimated to explain. This is because in multiple regression, the first variable is 

estimated to account for a certain amount of total variance and estimates for subsequent variables 

are based on the amount of remaining variance only (not total variance). Additionally, using the 

total individual R2 of an index inflates an indexôs relative importance because it does not 

consider that some variance overlaps with other indices. LMG overcomes these obstacles by 

taking the average R2 for an index over all possible orderings of the variables. The relaimpo 

package (Grömping, 2006) in R was used to do this.   

Some additional things should be noted about the statistical analysis. The scales of the 

indices were drastically different with frequency ranging from one into the tens of thousands and 

strength of association scores limited to decimals between |1|. All of the indices were 

standardized so that they have a comparable scale. This means that the outcomes are in terms of 

standard deviations, not in the indexôs own units. Second, although the Shapiro test for most 

models was significant, indicating non-normally distributed residuals in the data, the data is still 

considered to be reasonably normal, based on the qq plot. This is because the Shapiro test is 

sensitive to large amounts of data, identifying even very minor deviations from normality in 

large data sets. As mentioned above, of the 398 texts in the learner corpus, three had scores of 0, 

but when looking at the text it was unclear why this would be, since the writing was consistent 

with higher-scoring texts. These were removed, resulting in 394 texts used in the final analysis. 
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For this study, v-vac pairs with frequency lower than three were eliminated, which primarily 

removed items that included foreign words. 

Results and Preliminary Discussion 

Usage-based Model 

In all, 19 indices were considered for this model, including 10 strength of association 

indices, six frequency indices, and three related to whether the learnerôs production was attested 

in the reference corpus. Three indices were eliminated due to low correlation to writing score (r 

< |.1|) and nine were eliminated due to high multicollinearity (r > |.8|) with other indices, leaving 

seven that were included in the initial model. Full details of which indices were eliminated are 

available here 

https://onedrive.live.com/edit.aspx?resid=2BC21CBB20A0421C!472383&ithint=file%2cxlsx&a

uthkey=!ADhu7rPAiQKQsbo. The procedures described in the methods section resulted in a 

significant model that contained four significant predictors of writing score and one predictor 

that approached significance. The index that approaches significance is retained in the model 

because this study is exploratory in nature and it is feasible that in a different type of learner or 

reference corpus, it may prove to be significant. The model explained 24.39% of variance in the 

data (F(5, 385) = 26.16; p < .001). Full details for the model are provided in Table 3.  

https://1drv.ms/x/s!AhxCoCC7HMIrnOo_OG7us8CJApCxug?e=al7hdi
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Table 3  

Relative Indices Model Summary 

 lmg Estimate Std. Error t value Pr(>|t|) 

intercept 0.000 -0.017 0.044 -0.392 0.695 

average verb freq x type 0.170 -0.478 0.053 -9.028 0.000 

average verb-const freq x type 0.011 -0.094 0.051 -1.835 0.067 

average Faith given verb x type 0.025 0.177 0.051 3.440 0.001 

average Faith given const x type 0.015 0.186 0.059 3.156 0.002 

% verb attested 0.034 -0.162 0.044 -3.648 < 0.001 

Adjusted R-squared:  0.2439; F-statistic: 26.16 on 5 and 385 DF,  p-value: < 2.2e-16 

The polynomial model for usage-based indices was also tested, and nine indices were 

again removed due to high multicollinearity, leaving 10 indices in the model. In the model 

selection process, none of the second-order polynomials were significant and so were eliminated. 

This resulted in a second linear model but one with different indices than the linear model 

reported in Table 3. Because the polynomials were eliminated, no comparison of the two 

different linear models was conducted; rather the model that was arrived at in the standard way 

(Table 3) is retained.  

This model addresses the questions raised in the first research question: Which usage-

based verb-VAC indices explain variance in the writing scores of learners of Mandarin across 

levels and which show non-linear trajectories? In short, four of the usage-based indices listed in 

Table 3 significantly help to explain variance in writing score linearly over time and an 

additional index approaches significance: two were related to frequency, two to SOA, and one to 

percent attested. No significant non-linearity was found in any of the usage-based indices.  



  

65 
 

The two indices related to frequency decreased with writing score, indicating that learners 

at higher levels used less frequent verbs. On the other hand, the two strength of association 

indices increased with writing score, indicating that at higher levels, learnersô texts more closely 

reflected the distribution found in the target language.  Somewhat unexpectedly, the percent of 

verbs attested in the reference corpus decreased as writing score increased. This may be due to 

the use of a single register as a reference corpus. At higher writing score levels, learners have 

typically been exposed to a wider variety of registers and may have been using features of 

registers not represented by the general language corpus used in this study. Future research could 

explore the relationship between register and proficiency to better understand how register 

variation (appropriately and inappropriately applied) may impact proficiency level.   

In this data, both the amount of variance explained by each index and the predicted impact 

each index had on writing score was quite unbalanced. Verb frequency by type accounted for by 

far the most variance, at 17%, and is predicted to decrease by .43 of a standard deviation (SD) 

for each one-SD increase in writing score. In contrast, the second highest predictor, percent of 

verbs attested in the reference corpus, accounted for only 3.4% of variance and is predicted to 

decrease by much less, only .162 of a standard deviation with every one-SD increase in writing 

score. This is generally consistent with the results of Kyle and Crossley (2017), which found that 

strength of association (in that data, Delta P) was the strongest predictor of proficiency.  

General Model 

Six indices were considered for the general model. In the linear model, three were 

eliminated because they had very low correlation to writing score (r < |.1|) and two were 

eliminated due to high multicollinearity with other indices (r > |.8|, leaving only one index in the 

model (Table 4). Details of each index and why it was eliminated are available here. This model 

https://1drv.ms/x/s!AhxCoCC7HMIrnOo_OG7us8CJApCxug?e=al7hdi
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accounted for 7.5% of variance in the data and was significant (F(1, 389) = 33.07, p < .001), 

indicating that mean length of sentence was the best linear predictor of writing score.  

Table 4  

General Linear Indices Model Summary 

 Lmg Estimate Std. Error t value Pr(>|t|) 

(Intercept)  0.013 0.049 0.274 0.784 

GEN_MLS .075 0.305 0.053 5.750 p< 0.001 

Adjusted R-squared:  0.07598; F-statistic: 33.07 on 1 and 389 DF,  p-value: 1.803e-08 

A polynomial model was also tested (Table 5). Two indices were removed due to 

multicollinearity, leaving four indices in the model. Following the model selection procedures 

outlined in the methods section resulted in a significant model that explained 10.48% of variance 

in the data (F(4, 386) = 12.41; p < .001). Unlike the usage-based model, the polynomials in this 

model were significant.   

Table 5  

General Indices Model Summary 

 lmg Estimate Std. Error t value Pr(>|t|) 

Intercept 0.000 0.002 0.047 0.039 0.969 

poly(GEN_MLS, 2).1 0.051 4.431 0.944 4.694 0.000 

poly(GEN_MLS, 2).2 0.037 -3.775 0.943 -4.003 0.000 

poly(GEN_MLC, 2).1 0.002 -1.205 0.949 -1.271 0.205 

poly(GEN_MLC, 2).2 0.025 -2.886 0.938 -3.075 0.002 

Adjusted R-squared:  0.1048; F-statistic: 12.41 on 4 and 386 DF,  p-value: 1.656e-09 
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The total amount of variance explained by the polynomial model is higher than that of the 

linear model, so we use the ANOVA test to see if this difference is significant and find that the 

polynomial model is significantly better than the linear model (Table 6).   

Table 6  

ANOVA Comparison of the Two Models 

Model Res.Df RSS Df Sum of Sq F Pr(>F) 

1 389 361.509 
 
  

  

2 386 338.583 3 22.925 8.712 < .001 

This model addresses research question 2: Which traditionally used indices explain 

variance in the writing scores of learners of Mandarin across levels, and which show non-linear 

trajectories? Although a linear relationship was found between MLS and writing score, the 

polynomial version better explains the data, which means that the linear results probably 

obscured the curvature that exists. In addition, MLC, which was eliminated in the linear model 

because of low correlation to writing score, was found to also have a significant non-linear 

relationship with writing score, indicating that the low linear correlation was probably due to 

curvature in the data.  

What these results mean is that the rate of change of the two indices is different at 

different levels of writing score. From the estimates and from the predicted line in red in Figure 

10, we can see that MLS first increases by 4.431 units for every one-unit increase in writing 

score and this increase was significant; however, at higher scores that reverses and as writing 

score continues to increase, it decreases by 3.775 units for every one-unit increase in writing 

score. MLC (Figure 10), on the other hand has a non-significant change to a point, after which it 

decreases significantly by 2.886 units for every one-unit change in writing score. So, when 
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looking at the wide range of writing scores represented in this data, these general indices are 

inconsistent predictors across levels.  

Figure 10  

Predicted Values of MLS and MCL  x Writing Score  
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In short, none of the general indices are good predictors of writing score across a wide 

range of levels. While MLC and MLS may predict writing score between certain groups, the 

predictions would be different for learners at different levels. 

Combined Model 

Finally, in order to determine if these indices explain unique variance, the significant 

predictors from the general and usage-based models were combined into a single model. Seven 

indices were included: five usage-based and two general. The same polynomial order was used 

that was found to be significant in the previous models. Results are shown in Table 7.  

Table 7  

Combined Model Summary 

 lmg Estimate Std. Error t value Pr(>|t|) 

intercept 0.000 -0.010 0.042 -0.241 0.809 

average verb freq x type 0.154 -0.440 0.051 -8.611 0.000 

average Faith given verb x type 0.015 0.105 0.046 2.277 0.023 

average Faith given const x type 0.012 0.118 0.052 2.245 0.025 

% verb attested 0.031 -0.159 0.043 -3.691 0.000 

poly(GEN_MLS, 2).1 0.038 3.083 0.862 3.577 0.000 

poly(GEN_MLS, 2).2 0.034 -3.320 0.846 -3.924 0.000 

poly(GEN_MLC, 2).1 0.002 1.181 0.876 1.348 0.178 

poly(GEN_MLC, 2).2 0.027 -2.845 0.841 -3.381 0.001 

Adjusted R-squared:  0.2987; F-statistic: 21.76 on 8 and 382 DF,  p-value: < 2.2e-16 

This model accounted for 29.87% of variance in the data and was significant (F(8, 382) = 

21.76, p < .001). The total amount of variance explained by the combined model is higher than 
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that of either the usage-based or the general models, so we test to see if this difference is 

significant and find that the combined model explains significantly higher variance than the 

usage-based model (Table 8) and the general model (Table 9).   

Table 8  

Model Comparison Summary Combined vs UB 

Res.Df RSS Df Sum of Sq F Pr(>F) 

385 290.609 
    

382 267.452 3 23.157 11.025 < .001 

Table 9  

Model Comparison Summary Combined vs Gen 

Res.Df RSS Df Sum of Sq F Pr(>F) 

386 338.583 
    

382 267.452 4 71.131 25.399 < .001 

This model addresses research question 3: Of the significant indices, to what extent do the 

different types of indices account for unique variance in the data? If there was no overlap 

between the two, we would expect to see the variance of the combined model near the amount of 

the variance explained by each individual model, or 24.39 (usage-based) +  10.48 (gen model) = 

34.87. In reality, the total amount of variance explained by the combined model increased less 

than expected to 29.87, or by about 5.48 percentage points. This indicates that there is some 

overlap between the indices. From Table 7, we see that verb-construction pair frequency, which 

approached significance in the above model, is no longer significant in this model and has been 

eliminated, which seems to indicate that it might overlap with the general indices. Average verb 

frequency by type has also decreased by about 2 percentage points while poly(GEN_MLS, 2).1 
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decreased by about a percentage point. Other changes in relative importance were less than a 

percentage point. 

Discussion, Part 1 

This study has examined the linear and non-linear relationships between writing score and 

general and usage-based indices using corpus linguistic approaches, natural language processing, 

and multiple linear and polynomial regression.  

Overall, the usage-based indices explained more variance in the data than traditionally 

used general measures of complexity, although one index, average verb frequency by type, 

primarily accounted for the variance explained. This may be because in Mandarin, many states of 

being, like tall, cold, hot, etc. are expressed as unique verbs  (to be tall),  (to be cold),   (to 

be hot) while they would be expressed by a single copula in English and since this probably 

increases the total amount of verbs, may also increase their importance in language learning. 

In addition to explaining more variance in the data, the usage-based indices also predicted 

writing score linearly over a wide range of levels. The nature of the two indices can probably 

account for the linearity (or lack thereof). Usage-based indices account for the fact that language 

progresses toward target-language norms, and does not become more elaborate indefinitely. In 

that sense, they are bounded. General measures, on the other hand, do not take the target 

language norms into account, allowing for indefinite growth. Because in reality, language does 

not become progressively more elaborate indefinitely, the general measures show curvature 

while the usage-based measures show steady progress toward target-language norms.  

The findings of this study are also generally consistent with what Kyle and Crossley 

(2017) found in English learners. The usage-based indices in that study were also found to be 

better predictors of writing score than the general indices and, also like that study, the verb 
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frequency also decreased while the strength of association increased with writing score. While 

there were some differences in the precise indices that were found to be significant, this is 

probably due to differences in methods, such as the use of a news corpus rather than an academic 

one, or, relatedly, to the fact that this learner corpus was not specifically focused on academic 

language. This overall consistency indicates that usage-based indices have validity across 

typologically distinct languages, probably because they are based on the specific typological, 

frequency, and distributional characteristics of the language.  

Another advantage of usage-based indices is that the target language can be adjusted for 

different learning contexts. For example, in language for specific purposes programs, the 

reference corpus could be based on business, medicine, academic language, or whatever special 

purpose the program emphasizes. For younger learners, the reference corpus could consist of 

language appropriate to developmental level. This addresses an issue of validity raised by Byrnes 

et al. (2010): Using a generic prompt not specific to a particular stage of development to assess 

learners may be a more controlled way to conduct a study, but lacks ecological validity because 

it does not reflect the goals laid out for each level by a program; on the other hand, using 

prompts tailored to each specific level may be more ecologically valid, but introduces variation 

in writing due to topic, text type, and genre. In reality, most language programs have specific, 

stated learning outcomes for students at each level, and so usage-based indices provide a targeted 

and ecologically valid way to measure student progress.  

From this study, the benefits of usage-based indices appear to be their higher explanation 

of variance in the data, linear progression over a wide range of levels, consistency across two 

typologically distinct languages, and potential for ecological validity. General indices, on the 

other hand performed less well overall, and this study raises some concerns about these widely 
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used indices on L2 Mandarin. Primarily, the most commonly used indices, MLTU and DC/C 

were not found to have any significant relationship with writing score either in the linear or 

polynomial models. This seems to provide empirical evidence to support arguments against 

using indices that, at least in part, rely on subordination. All the same, we cannot ignore that 

MLS, which was found to be one of the significant predictors of writing score, would also 

include subordination. However, MLS would include virtually any elaboration, including phrasal 

elaboration, clausal coordination, and clausal subordination, making it even more general than 

MLTU. Because of this, its significance may come from these other features.  

Related to that, the usefulness of an index depends on both its statistical explanatory 

power and on its practicality: Does it provide useful and applicable information about change in 

the syntactic ability of language learners?  Although MLS was significant, its catch-all nature 

says little about what actually changes in learner writing at different levels and, more 

importantly, if what changes is consistent across proficiency levels. In that sense, MLS may be 

useful in predicting proficiency in certain levels of learners, but is too general to provide much 

useful information about changes in syntactic ability. MLC, on the other hand, does focus 

specifically on phrasal elaboration, but even so, it remains unclear if all types of phrasal 

elaboration change equally over proficiency levels. Overall, the general indices provide 

relatively little information and only indicate that there is some non-linear change at the sentence 

and phrasal level. In contrast, the usage-based measures provide specific and theoretically 

predicted information about what changes over time.  

The non-linearity of both of the general indices found to be significant (MLS and MLC) 

further complicates their interpretation. It would seem that both of these indices are applicable 

only to learners up to or after specific levels, or at least the predicted change would be different 
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for learners at different levels. Possibly more worrisome is the fact that it is possible to get 

significant linear results when the relationship between an index and the outcome variable is 

better represented non-linearly, as seen with the MLS results. If this is not checked for, the 

interpretation of a linear model could be quite misleading. In this case, the linear model predicts 

the same amount of change in MLS for learners at all levels. This highlights the need to check 

for theoretically predicted non-linearity, even if a linear relationship can be found.  

From the combined model, there appears to be some, but not complete, overlap between 

the two types of indices. To some degree, the general indices seem to target different aspects of 

complexity than usage-based ones, reflecting the distinction often made between sophistication 

and text-internal complexity. Given that, it may be beneficial to look at text-internal complexity 

at a more fine-grained level, focusing on specific structures that develop at different stages. The 

work of Jin  (2006), Wu  (2016, 2018b, 2018a), and Yu (2020) has begun to do this by 

looking at topic-comment structures and zero anaphora and has found that they are also better 

predictors of proficiency than general indices. However, an analysis that includes a wider range 

of fine-grained indices would also be informative.  

In both models, there is still a high degree of unexplained variance in the data. This is due 

in part to the fact that writing ability consists of more than just lexicogrammatical ability (Kyle 

& Crossley, 2017). In addition to that, register may also play a part in explaining variance in the 

data. In this study, a single register (news, including reporting, editorials and opinion, in-depth 

topics, commentary, politics, sports, food, book/movie/art reviews, etc.) was used to gauge the 

ability of learners across a wide range of levels. But proficiency standards state that learners at 

higher levels are able to handle a wider variety of registers (American Council on the Teaching 

of Foreign Languages, 2012; ILR, n.d.) and register variation research has found that different 
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syntactic features are characteristic of different registers (Biber, 1988; Biber et al., 2004). Given 

that, using a single register as a basis of writing score is probably too narrow. Rather than 

conceptualizing language acquisition as a linear progression toward a single goal, it might be 

better, at least in some contexts, to assess to what extent a learner can use a variety of different 

registersðan expansion along multiple directions. 

Conclusions, Part 1 

This study has compared usage-based indices to general ones and found that the usage-

based indices were better predictors of proficiency across a wide range of levels than general 

indices for Mandarin learner data. Additional benefits to usage-based indices includes their 

linearity, cross-linguistic validity, and ecological validity. While the results of this study support 

usage-based theories of language acquisition, they also highlight some interesting areas for 

future research, specifically, identifying which fine-grained indices develop at different 

proficiency levels, as well as using additional registers as benchmarks for development. 
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Chapter 4: Using Network Science to Analyze Development 
Since the above analysis indicates that the usage-based approaches are better predictors of 

proficiency and explain more variance in the data than general indices, the second part of the 

study takes a usage-based approach to understanding how L2 writing develops. As noted in the 

literature review, one problem in looking at the longitudinal development of language is that 

many types of constructions develop simultaneously and there is overlap between those 

constructions. Additionally, different constructions may exist at different levels of development 

within the system. The specific questions raised were: 

4. How do overlapping and embedded lexical, phrasal, and clausal constructions emerge 

and develop in early learners of Mandarin?  

5. How do processes of schematization unfold in development across different levels of 

constructions in early learners of Mandarin? 

Because of the degree of complexity introduced by these factors, I turn to network science as a 

way to capture development across embedded lexical, phrasal, and clausal structures at the 

macro (full network) level first. Based on the results of that analysis in both longitudinal and 

cross-sectional data, I continue to explore the usefulness of network science in analyzing the 

meso (clausal/phrasal structures), and micro (lexical) levels in longitudinal data, and finally 

focus on how these emerge in relation to the target language.  

 A final research question addresses how network science might be used for future 

research on second language acquisition.  

The network science framework includes many ways of analyzing networks and changes 

in networks (Barabasi, 2015) that can be directly associated with the processes of language 

development within the dynamic and usage-based frameworks. These include indices at the 

micro, or word/node level; meso, or subsystem level which can be phrasal or clausal; and macro, 
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or full network level. These indices are described in the appropriate subsections below with their 

applications to language cognition. Some have been used in child language acquisition research 

while others have not been. All  were selected because they have a theoretical connection to 

different aspects of language development. 

This section consists of three analyses. First it explores macro-level indices average 

betweenness, average degrees, assortativity by degrees, assortativity by betweenness, and 

assortativity by group membership (explained below) in the longitudinal development of two 

learners and then, to get a more general sense of how these features develop over time, also 

conducts a multiple regression of them in the same learner corpus (HSK) used in the first study. 

Second, to better understand developmental processes, meso- and micro-level indices of 

community structure and hubs are used to explore the emergence of structures and processes of 

schematization within and across constructions. Third, development of these features is analyzed 

in relation to the target language. 

I first discuss methods that apply to all three sections, specifically the longitudinal corpus 

developed for this project, and network construction. The specific indices used are discussed 

under the methods of each section.  

General Methods 

Learner Corpus  

In order to study the development of complexity in early learners of Mandarin, a 

longitudinal corpus of first year learners of Mandarin was collected. After receiving IRB 

approval, participants were recruited from the Chinese department at a North American 

university with a strong Chinese language program. All participants were undergraduates 

enrolled in first-year Chinese. Although they were in different sections of the class with different 

teachers, all first-year classes use the same textbook and follow the same schedule and syllabus.  
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Data was collected from the eight participants over a 20-week period, starting toward the 

end of first semester of Chinese and continuing through the end of the second semester. Data was 

collected in two-week cycles: In the first week, students were given a prompt to discuss in online 

group chats and were required to provide their own response as well as ask/answer questions 

from peers. In the second week, students were asked to write a summary of what they learned 

about their peers. Because of the level of the learners, only topics covered in the textbook were 

used, and the topics were deliberately presented in broad and open-ended format.  

Initially eight students signed up, and these were divided into two groups; however, two 

students in one group did not participate regularly, so starting at Time 5 (and at the remaining 

studentsô request) they were combined into one larger group. For this study, only the summaries 

are used. Since data was collected at such close intervals, it was not possible to use the same 

topic at each time point. Although this may have elicited production in a more controlled way, 

several problems arise when collecting micro genetic data: First, it is unlikely that a single topic 

would be flexible enough to be appropriate for learners across the full 20-week period. At the 

beginning, it would probably be too difficult and at the end too easy; second, it is likely that at 

such close intervals, learners would remember what they wrote previously and even if they did 

not refer back to it, would still be likely to reproduce something very similar rather than 

something that reflects any newly acquired linguistic ability; third, it would be boring to have a 

discussion on the same topic so often and would likely lead to attrition. Because of these issues, I 

chose ecologically valid topics (i.e., those that were covered in the Chinese language course the 

participants were enrolled in) and generally followed the order they are covered in the textbook, 

although not every topic was used. In all cases, there was a time lag between when the topic was 

covered in the class and when it was used in this study. The use of different topics is not unique 
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to this study, but follows Byrnes et al. (2010; in part) and Vyatkina et al. (2015), who 

acknowledge that topic may result in ñspikesò of certain structures at a given timepoint, but that 

those even out over time. In that study, the writing samples were homework assignments from 

the class the students were enrolled in and the prompts specifically required students to use 

certain features. The prompts used in this study (See Appendix) were much more open-ended. 

Interestingly, because network science represents all items produced and their connections (or 

lack thereof) with everything else in the network, features directly related to a topic are probably 

less of a problem because learners would not use them in other contexts, and therefore they 

would have less of a connection to the rest of the linguistic system. This is discussed in detail in 

the Results and Discussion sections.  

Two learners, Xinyi* and Yuxi*, from this corpus were selected as case studies because 

they were both L1 speakers of English with no other heritage languages. Both students 

participated at all time points and were both in the same group for all time points. Both reported 

previous study of languages besides Chinese (Spanish, Korean, and Japanese), but only to very 

low levels of proficiency. Both also reported having tried to study Mandarin for around a year 

and similarly remaining at low levels of proficiency. Although the nature of their previous study 

is unclear, both were in first year Chinese, and so can still be considered beginning learners of 

Mandarin. Despite the similarities between the two students, Xinyi produced nearly twice the 

amount of language that Yuxi produced. This is detailed in Table 10 below.  
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Table 10  

Details of Yuxi and Xinyi 

 Home Lang Tot Characters Ave Time  

Xinyi*  English 1337 15:04 

Yuxi*  English 637 11:58 

*These are pseudonyms, not the Chinese names students selected for themselves.  

Building the Networks 

Linguistic networks are typically formed with the dictionary words as nodes connected to 

each other in some way. In some studies, consecutive order is used to determine connections 

because it makes no assumption that the learners have an existing grammatical structure, while in 

other studies grammatical relationships are used. In this study, because it deals with adult L2 

learners, it can be assumed that they have a basic understanding that grammatical relationships 

exist due to their L1, and so dependency grammar is used as the basis of connections between 

words. Dependency grammar connects head words, or governors, to their dependents. For 

example, verbs head subjects or objects; nouns head determiners. Dependency grammar assumes 

that there is no underlying transformation in the grammar but that the relationships are direct 

representations of the cognitive knowledge of the learner (de Marneffe & Nivre, 2019). As an 

example, in the sentence ñThe girl gives the boy a book,ò the dependency relationships (and so 

the connections) can be identified as in Figure 11, with the governing word on the left, type of 

relationship (abbreviated) in capital letters in the middle, the dependent word on the right, and 

the dependency written out in parentheses:  
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Figure 11  

Dependency Relationships: ñThe girl gives the boy a bookò 

Gives-NSUBJ-girl (subject) 

Girl-DET-the (determiner) 

Gives-DOBJ-boy (direct object) 

Boy-DET-the (determiner) 

Gives-DOBJ-book (direct object 2) 

Book-DET-a (determiner) 

These relationships would be represented in a network, as in Figure 12, with each lexical 

item being represented as one node (so THE gets one node despite being used multiple times) 

and links representing the nodesô connection(s) to other nodes. Once this network is established, 

the indices described below can be used to quantify the features of the network and how they 

change over time, which is useful for larger networks in which relationships and patterns may 

not be immediately obvious. 

Figure 12  

Network Representation of Dependency Relationships 
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StanfordCoreNLP (Manning et al., 2014) was used to automatically process the learner 

corpus. Ten sentences were randomly selected from this corpus and checked for accuracy. The 

accuracy was lower than what is typical of target-language texts (91% for tokenization, 91% for 

POS-tagging, and 84% for dependency parsing). Because of this, automatic annotations were 

manually corrected. Because the textbook language is produced and reviewed by native speakers 

and can be assumed to be accurate, and because the parser has high accuracy rates for that type 

of language, it was not reviewed manually.  

Once the dependencies were established, igraph (Csardi & Nepusz, 2006) was used to plot 

the networks and extract the indices (described below) in R.  

Macro-level Analysis 

Methods  

Macro-level Indices 

Degrees measure the centrality of a node based on frequency of use, or the number of 

links a node has to other nodes. A distinction has often been made in language acquisition 

research between types (unique instances of a feature) and tokens (all instances of a feature). 

This distinction can also be made in the network science framework: A nodeôs degrees by type 

(or connections to unique nodes) is an indication of how many unique words it is used with, or 

how schematized it is. In order to understand this at the macro level, we take the average number 

of degrees by type to represent the overall degree of schematization in the network. Because this 

controls for size of the network, we can then compare changes in schematization over time.  

The networks in Figure 13 below use two similar sentences to illustrate this more clearly.  

In the left sentence, The students ate apples and pears, there are six nodes with five links, which 

gives an average betweenness of 0.83. In the right-hand side, The students ate THE apples and 

pears, there are again six nodes and also six links due to the use of THE in two different 
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contexts. This gives an average betweenness of 1. From this very simple example, we can see 

that the higher the average number of degrees, the more schematization exists in the network.  

Figure 13  

Example Networks: Average Number of Degrees 

We can also subtract the degrees by type from degrees by token (total frequency) to get a 

measure of repeated uses of a dependency pair, or its prototypicality, and we can do the same 

with averages to understand the total degree of prototypicality in the network. We can then 

compare the measures at different time points to identify shifts from use of prototypes toward 

schematization.  

Figure 14 shows a simple example of how this was done. This is a network of several 

phrases: The old car, the new car, the blue car, and the red car. Car is the head of all other words 

in these phrases. We can see that there are eight degrees by token (total) and five degrees by type 

(unique degrees). This means that there are three repeated degrees, and we can see that they all 

fall between the and car. Of course, in a real learner network, this is much larger with a lot more 

interconnection, so we can use averages in order to get a sense of the bigger picture and also to 

compare different timepoints at the macro level.  
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Figure 14  

Example of Degree Type, Token, and Repeated Word Pairs 

 

Betweenness measures the centrality of a node based on the extent to which it bridges 

different subsystems in a network. In order to measure this, we start by creating a list of the 

shortest paths between each pair of words in a network. As an example, Figure 15 is a network 

of the sentence ñThe teacher gave some books to a student.ò 

Figure 15  

Betweenness 
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In order to get the shortest paths, we look at each pair of words in a network and the 

shortest path we can take to get from one to the other. For example, if we want to go from the to 

teacher, we simply have a shortest path of the-teacher because they are directly connected. If we 

want to go from the to gave, we must take the path the-teacher-gave because there is no direct 

connection between the and gave. We do this for all nodes in the network, as in Table 11. 

Table 11  

Shortest Paths Between Each Word Pair in the Example Network 
 

The teacher gave some  books to  a  student 
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Once we have all of the shortest paths, we then count how many times each word appears 

on a shortest path, which is the wordôs betweenness score. To get the macro-level index average 
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betweenness, we then take the average of all of these scores. Betweenness scores for each word 

and the average for this network are shown in Table 12. 

Table 12  

Betweenness Scores for Each Word and Average 

Word Betweenness 

the 14 

teacher 26 

gave 46 

some 14 

books 26 

to 14 

a 14 

student 36 

Average 23.75 

We can see that the highest scoring word, gave, is at the center of the network and acts as 

a bridge between all of the noun phrases in the sentence. If we remove this node, then the 

network breaks into three different sub-systems (some books, the teacher, and to a student). 

Similarly, if we take out student, which has the second highest betweenness score, the network 

breaks down into two subsystems. If we take out books or teacher, which are tied for the next 

highest betweenness score, we get lone nodes the or some, and one separate subsystem. 

Betweenness, then, represents how integrated a node is across different subsystems in the 

network. Gave is more integrated across the subsystems because it directly connects them. 

Average betweenness, then, represents the degree of integration across the network. 
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In Figure 16, we look at the same phenomenon in a real learner network. The network on 

left shows the learnerôs network at Time 1 and the right shows Time 8. The size of the nodes 

represents the betweenness score and the red arrow points to the third-person pronoun  ta she. 

All nodes with a direct dependency relationship with this node are highlighted. We can see that 

at Time 1 there is relatively little variation in betweenness scores (size) in the network. 

Importantly, in this example, it is possible to have higher betweenness scores, but the learner did 

not make the connections that would have led to that outcome. We can also see that  ta she is 

peripheral to the network. If we take it out, there is no change to the rest of the network. By Time 

8, the situation has changed drastically. There is a lot more variation in betweenness (size), with 

some large and some very small. The node representing  ta she is one of the largest in the 

network, and directly connected to many other nodes. Although not all subsystems can be seen 

clearly from this image, we can see that if we remove this node, the network will fracture. 

Figure 16  

Comparison of Xinyiôs Network at Time 1 (left) & Time 8 (right); Arrow Points to ta her 

A high betweenness value indicates that a node acts as a bridge between many different 

subsystems in the network and so it is well-integrated into the network; if it is low, it does not 

often bridge different networks and so is not well integrated. Average betweenness, then, 

indicates the overall degree to which nodes are integrated with the larger system. This extends 
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the indices currently used in usage-based approaches from phrase- and clause- internal 

relationships to the integration of lexical items across subsystems (the nature of these subsystems 

and their relationship to linguistic structures is explored in the next section on meso-level indices 

and hubs).  

Assortativity is a macro-level index that measures correlations between nodes on a given 

index to identify if nodes connect to similar or dissimilar nodes and if that changes over time. 

This is an indication of how new nodes are introduced into the system: Do they attach to already 

well-established nodes or to other new nodes? In this study, I include assortativity based on:  

¶ Degrees: are high-degree nodes more likely to connect to other high- or low-degree 

nodes?  

¶ Betweenness: Are nodes that act as bridges likely to connect to other nodes that also act 

as bridges or to less integrated words? 

¶ Community membership (described in detail in the meso/micro level): Are nodes in a 

community more likely to connect to nodes in the same or different communities?  

Results 

Longitudinal  Analysis 

First we look at the longitudinal development of Xinyi  and Yuxi. We start with the size 

(number of nodes) of the network in comparison to the number of edges to get a general idea of 

what happens related to schematization over the 20-week period.  

From Figure 17, we can see that for both learners, the size of the network, represented by 

number of nodes (unique vocabulary items) and number of edges (total connections between 

nodes) increase steadily over time, and that the rate of growth in connections outpaces that of 

words. Although the trend is the same for both learners, Xinyi eventually reaches over 200 nodes 
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with over 600 edges by the final time point while Yuxi only uses around 150 nodes and 300 

edges.  

Figure 17  

Total Nodes and Edges by Time  
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Next we look at the average number of degrees by token and type, as well as those that are 

redundant. From Figure 18 we can see that the average number of degrees by token increases 

over time for both learners, although there is some variability. For both learners, degrees by type 

also increases over time and appears to be more linear. The redundant use of word pairs is more 

variable and overall increases for Xinyi while it generally decreases or remains stable for Yuxi.  

Figure 18  

Average Degrees by Token, Type, and Redundant Degrees 
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From this macro-level analysis, we can see that the average number of degrees by token in 

both the learner and target-language is mainly accounted for by making connections to unique 

words and that there is a trend not just of an increase in the size of the network or frequency, but 

a pattern of increased schematization over time. The existence of redundant connections, or 

prototypes is relatively low.  

Next, we look at the average betweenness for each learner. From Figure 19 we can see that 

average betweenness increases dramatically from Time 1 to Time 8 for both learners, which 

indicates that on average there is an increase in the interconnections across subsystems.  

Figure 19  

Average Betweenness Score 

Finally, we look at assortativity by degrees, betweenness and community structure, shown 

in Figure 20. Figure 20 shows that for both learners, assortativity by membership seems to 

decrease slightly while assortativity by betweenness and degrees may increase very slightly. 



  

92 
 

Figure 20  

Assortativity 
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Of the macro-level indices considered, average betweenness and average degrees by type 

seem to show the strongest linear increases in the longitudinal analysis for both learners. The 

trends in assortativity seem to show less of a trend.   

Cross-sectional Analysis 

In order to better understand how these indices might perform over a wider range of 

proficiency levels, a multiple regression is done, following the same procedures described in the 

first study.  Because average degrees by token, average degrees by type, and average number of 

redundant degrees are all mathematically related to each other, only the average degrees by type 

is included in the multiple regression because it had the strongest relationship to writing score.  

Five macro-level indices (average degrees by token, average betweenness, assortativity by 

degrees, assortativity by betweenness, and assortativity by community structure) were considered 

for this model. Assortativity by betweenness and assortativity by community were both 

eliminated from the model because they had no significant correlation to writing score (r < |.1|). 

This left three indices in the multiple regression model: Average degrees by type, average 

betweenness, and assortativity by degrees.  

 The procedures described in the methods section of the first study resulted in a significant 

model that contained two significant predictors of writing score. The model explained 36.77% of 

variance in the data (F(2, 388) = 114.4; p < .001). Full details for the final model are provided in 

table 13. 
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Table 13  

Network Science Indices Model Summary 

  LMG Est SE t value Pr(>|t|) 

intercept NA 30.724 5.774 5.321 p < 0.001 

ave_betweenness 0.353 0.124 0.008 14.864 p < 0.001 

ave_deg 0.018 7.105 1.887 3.766 p < 0.001 

Adjusted R2: .3677; F(2, 388) = 114.4; p < .001 

We can see that of the two indices in the model, average betweenness accounts for the vast 

majority of variance explained, 35.3% while average degrees accounts for much less, only about 

1.8%. This seems to indicate that, as in longitudinal data, the integration of nodes across 

different subsystems within the system is an important aspect of both language development and 

change across proficiency levels.  

A polynomial model was also tested following the same procedures outlined in the first 

study. Like in that study, third-order polynomials were tested, and in this case, some were found 

to be significant. The model selection process outlined in the first study was followed and 

resulted in a significant model that explained less variance in the data than the linear model. 

Since the polynomial model is also less parsimonious than the linear model, the linear model is 

retained.  

Finally, we combine these indices with the indices that were found to be significant in the 

first study, again following the same procedures outlined there. This model included the network 

science indices average betweenness and average degrees by type; usage-based indices average 

verb frequency by type, average faith by type (verb as cue), average faith by type (construction 

as cue), and percent of verbs attested; and general index mean length of sentence (2nd order 

polynomial). None of these indices were multicollinear (r > |.8|). Following the procedures 
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outlined in the first study resulted in a significant model (F = 39.36 (7,383);  p < .001) that 

explained 40.77 percent of variance in the data (Table 14).  

Table 14  

Combined Indices Model Summary 

 lmg Estimate  Std. Error  t value Pr(>|t|) 

intercept 0.000 40.058  7.794 5.140 0.000 

ave_betweenness 0.238 0.102  0.010 9.750 0.000 

ave_deg_type 0.012 4.602  2.005 2.295 0.022 

Ave Verb Frequency x Type 0.090 0.000  0.000 -2.883 0.004 

Ave Faith x Type (verb cue) 0.017 43.738  14.385 3.041 0.003 

Ave Faith x Type (const cue) 0.011 11.081  4.000 2.770 0.006 

Mean Length of Sentence Poly1 0.027 23.780  9.790 2.429 0.016 

Mean Length of Sentence Poly2 0.023 -24.255  9.728 -2.493 0.013 

Adjusted R2 = .4077; F = 39.36 (7, 383); p < .001 

In the first study, the model that combined usage-based and general indices accounted for 

29.87% of variance in the data and was significant (F(8, 382) = 21.76, p < .001). The total 

amount of variance explained when adding the network science indices is higher by about 10% 

and so we test to see if this difference is significant. We find that the combined model with 

network science indices explains significantly higher variance than the one without it (Table 15). 
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Table 15  

Model Comparison Summary with and without network science 

Res.Df RSS Df Sum of Sq F Pr(>F) 

383 34030.219 
    

382 267.452 1 33762.77 48223.12 p < .001 

If there was no overlap between the network science indices and the usage-based and 

general indices, we would expect to see the variance of the combined model near the amount of 

the variance explained by each individual model, or 29.87 (combined usage-based and general 

model) +  36.77 (network science only) = 66.64. In reality, the total amount of variance 

explained by the combined model with network science indices increased less than expected to 

40.77, or by about 10 percentage points. This indicates that there is overlap between the indices.  

From Table 7 (repeated here for convenience), we see that the relative importance (LMG) 

of the betweenness score has decreased by about 14 percentage points from nearly 37% to 

23.8%. Similarly, we see that the average verb frequency has decreased from 15.4% to about 9%. 

This seems to indicate that some, but not all, of variance betweenness and verb frequency 

explains overlaps with other variables. The relative importance of Faith, a strength of association 

measure (with both verb and construction as cue), in contrast, barely changes between the two 

models, indicating that there is little overlap between strength of association and the network 

science indices.  
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Table 7 (repeated) 

Combined Model Summary 

 lmg Estimate Std. Error t value Pr(>|t|) 

intercept 0.000 -0.010 0.042 -0.241 0.809 

average verb freq x type 0.154 -0.440 0.051 -8.611 0.000 

average Faith given verb x type 0.015 0.105 0.046 2.277 0.023 

average Faith given const x type 0.012 0.118 0.052 2.245 0.025 

% verb attested 0.031 -0.159 0.043 -3.691 0.000 

poly(GEN_MLS, 2).1 0.038 3.083 0.862 3.577 0.000 

poly(GEN_MLS, 2).2 0.034 -3.320 0.846 -3.924 0.000 

poly(GEN_MLC, 2).1 0.002 1.181 0.876 1.348 0.178 

poly(GEN_MLC, 2).2 0.027 -2.845 0.841 -3.381 0.001 

Adjusted R-squared:  0.2987; F-statistic: 21.76 on 8 and 382 DF,  p-value: < 2.2e-16 

Preliminary Discussion  

This section has focused on five macro-level network science indices, betweenness; 

average degrees by type; and assortativity by degree, betweenness, and group membership. It 

first looked at the longitudinal development of two students and then looked at how well network 

science indices predict proficiency in cross-sectional data. Finally, it compared a combined 

model with network science, usage-based, and general indices to the previously developed one 

with usage-based and general indices only.  In the longitudinal data, average betweenness 

showed a strong linear increase over the eight time points for both learners. Average degrees by 

type also showed a generally linear, although less drastic increase over time for both learners. 

None of the assortativity indices showed any trend. The cross-sectional analysis is very 
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consistent with these findings: Average betweenness and average degrees by type were both 

significant predictors of proficiency in a multiple regression, although average betweenness 

accounted for much more of the variance explained. The combined model indicates that 

including network science indices does explain unique aspects of language development not 

captured by SOA or general indices.  

Average degrees by type refers to the use of words in unique dependency relationships. 

Both longitudinally and across proficiency levels, there is a steady increase in this kind of 

schematization. Average betweenness refers to schematization at a different level: it is not just a 

matter of adding new words to the network, or adding new connections between words, but there 

is a specific pattern of increasingly using words in different subsystems in the network. This 

means that over time and across proficiency levels, the words in the network become 

increasingly integrated with each other. Based on our understanding of VACs and Zipfian 

distributions, we would expect verbs to become more strongly associated with a particular 

subsystem, not necessarily to integrate across subsystems. However, Ellis and Ferreira-Junior 

(2009b) found that the Zipfian distribution for other islands was less strong. It is possible, then, 

that different parts of speech show different trends in the degree to which they integrate across 

different subsystems. This is a question for future research. 

Finally, including network science indices in the combined model that was developed in 

the first part of the study adds an additional 10% of variance explained. This indicates that 

network science indices explain some unique variance not accounted for by any of the other 

indices. Interestingly, while the relative importance of betweenness drops drastically in the 

combined model, it still accounts for more variance than any other variable. The relative 

importance of average verb frequency also drops considerably, although it remains the second 
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highest predictor of proficiency. The VAC-based Faith variables, on the other hand, are virtually 

unchanged from the first model, so the addition of network science indices has basically no 

impact on the total relative importance of the SOA indices. This is probably because Faith is 

based on verb-VACs, or clause-internal relationships while betweenness is focused on 

integration across subsystems. It appears that both are significant aspects of writing proficiency.  

This section has focused on macro-level indices available within the network science 

model and indicates that 1. Schematization of word dependencies increases over time and across 

proficiency levels, and 2. Betweenness, or integration across subsystems, is also an important 

feature of development and proficiency. In the next section, we use meso- and micro-level tools 

and explore what they can show about development at a finer grained level. 

Micro - and Meso-level Analysis 

Betweenness appears to be an important aspect of development over time and across 

proficiency levels. It is also the ability of words to serve as bridges across subsystems, which 

raises the question of what subsystems exist in the data. This section uses a meso-level index, 

community structure, to quantitatively identify subsystems in the larger system and then 

qualitatively analyzes the extent to which those subsystems reflect linguistic structures. To do 

this, it uses micro-level degrees to identify hubs in the subsystems. Finally, it uses these 

subsystems to trace the development of linguistic constructions over the 20-week period. 

Method 

Community structure quantitatively identifies subsystems within the larger network by 

identifying groups of nodes that are more strongly connected to each other than they are to the 

rest of the network. Different algorithms are available to identify these, but in general, the 

process for identifying communities, is as follows:  

1. Each node is initially treated as its own community.  
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2. A similarity matrix is made by iteratively comparing the similarity score of each node 

and ordering nodes in a matrix according to similarity score. Similarity is a technical 

term that measures the extent to which a node's dependents share nodes with each 

other. For example, if a node connects to two other nodes in a triangle, as in the 

example in Figure 21, left, the similarity score of a, b, and c is 1, meaning that they 

exclusively share nodes with each other. If any of those nodes also connects to other 

nodes, as c does in Figure 21, right, the similarity score of c would become a fraction 

because not all of the nodes it connects to are shared with a and b. 

Figure 21  

Comparison of Similarity Score Calculations  

3. Iterative group formation: Node pairs with strongest similarity scores are grouped 

together first in a dendrogram (tree), then additional nodes and/or groups of nodes are 

connected in the tree based on similarity until eventually all nodes are added to an 

existing group of nodes and groups are combined so that at the end of the process all 

nodes are part of one large tree structure.  



  

101 
 

4. Cutoff: Identifying where in this tree structure the groups form meaningful units is 

done via modularity. This essentially compares the probability of finding different 

configurations of subsystems in the tree in a random network (which does not tend to 

have communities), and the less likely a particular configuration is, the more 

meaningful the community organization. The maximum modularity indicates least 

likely grouping to appear in a random network and so it is the one that is quantitatively 

the most meaningful in the real-world network. 

For this study, the Leiden algorithm was used to form the communities because it does not 

allow subnetworks that are badly connected internally, a common problem with other algorithms 

available. NetworkD3 (Allaire et al., 2017) was used to create interactive graphs from the igraph 

networks, which were used for the meso- and micro-level analysis..  

While there may be some concern that some aspects of the system may be attributable to a 

specific topic, network science, combined with the way the data was collected, make it possible 

to identify what is and is not solely related to a given topic. If a node is topic-specific, it will only 

be used at a specific time point and would form connections with other topic-specific nodes also 

used at the same timepoint (since there was only one topic/time and topics were not repeated). 

Those connections will be more closely connected to each other than to the rest of the network 

and so will be identified as unique communities that remain cohesive units across the remaining 

time points. These are retained in the analysis because if at future timepoints they start showing 

integration with other aspects of the system, then that would serve as evidence that they are 

actually not completely topic-specific (since no topics were repeated in this study) and are 

related to linguistic development.  
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Below, I first describe some relevant features of each learnerôs writing production and the 

communities that were used by each. I then describe the processes of emergence and 

disappearance, growth and contraction, splitting and merging for each learner. 

Results and Discussion 

Although Yuxi and Xinyi were in the same group throughout the study and were 

summarizing the same information across all time points, there were differences in the 

information they chose to represent. One example is that at Time 3, when in the group chat the 

learners made three statements, two of which were true and one of which was not. Then they had 

to figure out what was and wasnôt true. When reporting on this interaction, Xinyi includes both 

the true and untrue statements about each person, while Yuxi only includes the false statements 

and why they were false. There were also differences in how each learner presented the 

information. Xinyi tended to use quotatives while Yuxi never did. Xinyi also tended to group 

information around each individual, while Yuxi tended to group individuals around themes. As 

an example, when introducing themselves in the group chat, they talked about their hobbies, 

which the two learners reported on very differently: 

Xinyi:  

ɺ 

Kexin likes to watch movies and read. 

ɺ 

Yuxi likes to read, dance, and go to play sports. 

ɺ 

I said, when I have time, I like to watch movies, read, and listen to music. 

Yuxi:  
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, ɺ 

Kexin, Xinyi, and I also like to read. 

Eight communities were the same for both learners. Xinyi had an additional seven while 

Yuxi had an additional three. In addition to these differences, the way that structures developed 

after they emerged also followed very different trajectories.  

Tables 16 and 17 provide an overview of which structures emerged for each learner at 

each data collection point.  

Table 16 

Communities Attested at Each Time Point: Xinyi 

T   cl-n          TA    Total 

1 1 1 1 1 
           

4 

2 1 1 
 

1 1 1 1 
        

6 

3 1 1 
 

1 1 
 

1 1 1 
      

7 

4 1 
 

2 1 1 
  

1 
 

1 1 1 
   

9 

5 1 
 

1 1 1 
 

1 1 
 

1 
 

1 1 1 
 

10 

6 1 1 1 1 1 1 
 

1 
  

1 1 
 

1 1 11 

7 1 1 1 1 1 1 
 

1 
   

1 1 1 
 

10 

8 1 1 1 1 1 1 
 

1 
   

1 1 1 
 

10 

Note 1: Numbers indicate how many of each structure appeared at a given time.  

Note 2: Codes: T: time,  copula, S: compound subjects, : to have, C: classifier-N phases, 

: to like,  and, :because-clause,  hit (used for some sports), : to go,  to eat, 

T: times/activities, : locative, : weather, : to live at, No: total number of structures 

appearing at a given time 

Note 3: green indicates phrasal structures; black indicates clausal 
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Table 17  

Communities Attested at Each Time Point: Yuxi 

T        TA    Total 

1 1 1 1 1        4 

2 1 1 1 1 1       5 

3 1 1 1 1 1 1      6 

4 1 1 1 1 1 1 1 1    8 

5 1 1 1 1 1   1 1 1  8 

6 1 1 1 1 1   1 1 1 1 9 

7 1 1 1 1 1   1 1 1 1 9 

8 1 1 1  1  1 1 1 1 1 9 

Note 1: Numbers indicate how many of each structure appeared at a given time.  

Note 2: Codes: T: time,  copula, S: compound subjects, : to have, C: classifier-N phases, 

: to like,  and, :because-clause,  hit (used for some sports), : to go,  to eat, 

T: times/activities, : locative, : weather, : to live at, No: total number of structures 

appearing at a given time 

Note 3: green indicates phrasal structures; black indicates clausal 

Xinyi  

Over the 20-week period, 15 unique structures emerged, of which 5 were phrasal, and 10 

were clausal.  In cases where the community had a prominent hub (a single node that was higher 

in degrees than any other), they are named after the hub; otherwise they are named after the 

feature they represent. Up until time 6, there is an increase in the number of communities, after 

that time, the number decreases and remains steady. Table 16 provides an overview of the 

structures that emerged in Xinyiôs written production as cohesive structures at each time point. It 

is important to note that in some cases, communities emerged as independent units when they 

were first used by the learner, while others emerged as part of other communities initially and 

later split into independent communities. Some communities show a lot of variability in their 

membership while others are more stable. While some communities appeared at all timepoints 

after they first emerged, others emerged briefly and then were subsumed into other communities.  
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 shi, copula 

The size of the  shi, copula copular structure is relatively stable over the eight Time 

points, ranging between 9-16 members. It also appears at Time 1 and remains until Time 8. It 

appears at Time 1 with the adverbs  ye, also, which shifts out to  xihuan, to like at Time 

6, and  dou, all which never shifts out. Growth is characterized mainly by the addition of 

nouns as subjects and also some additional predicates. There are no major changes to this 

structure in terms of merging, splitting, or disappearing, which seems to indicate that the 

structure is well established. Since it is one of the first structures covered in the course materials, 

it makes sense that this structure is already well-established.   

 xihuan, to like   

 xihuan, to like  emerges at Time 2 and remains until the end, but shows much more 

variability, ranging from 12-41 members. At Time 1,  xihuan, to like  is used exclusively 

with verbal complements like  kanshu, to read. At Time 2, this remains true and the number 

of complements used expands. Negation (  bu xihuan, to not like ) is also introduced at the 

second time point. The coordinating clauses  keshi henmang but [they are] very busy,  

and  kesbu bu dui but [that is] incorrect, are also added at this time point. At Time 3, 

there is relative stability although the quotative  woshuo, I said is added here. At Time 5, 

 kesbu bu dui but [that is] incorrect,  and  keshi henmang but [they are] very 

busy coordinating clauses separate out into the Times/Activities community. It is also at this time 

that Xinyi first uses a direct object with  xihuan, to like (  tianqi, weather). Interestingly, 

this new use is not initially part of this group, but is in a separate group related to weather. At 

Time 6, this additional use of  xihuan, to like expands to include additional direct objects 
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(e.g., , Japanese food), which are not included in this subsystem and again at Time 8 to 

include places.  Interestingly, this structure nearly doubles in size at Time 7 because  chi, to 

eat merges with it as a complement of  xihuan, to like. Direct object uses, however, mainly 

remain as separate communities, with one exception. The learner uses two closely related 

structures xihuan chi rou  like to eat meat (a complement) and   xihuan rou like 

meat (a direct object). In this case, where the two structures are directly linked, the direct object 

rou, meat is the first and only direct object to be included in the group, which may indicate 

that this structure will eventually start to include the direct objects as well. 

 you, to have and cl-n phrases:  

 you, to have  and classifier-noun phrases seem to develop in conjunction with each 

other and both emerge at Time 1. In Chinese when a noun is quantified, a classifier is required, 

so this refers to the structure Number-CL-Noun. There is one very general classifier  ge 

classifier-general that can be used in many situations and early learners are often taught to use 

this one if they donôt know what else to use. There are also many specific classifiers used with 

specific nouns and these are not in a one:one relationship. To use an example that came up in 

these learner texts, it is correct to refer to people with either   ge classifier-general or kou 

classifier-people.   

At Time 1,  you, to have  appears in its own group with the classifier for people,  kou 

classifier-people and the general classifier  ge classifier-general is in a separate group. At 

Time 2 these separate structures merge into a single structure with  you, to have. At Time 3 the 

situation is similar, but  zhi, classifier-animal is added. At Time 4, there is a more major 

change.  you, to have  shifts to the  ta, she group and two classifier-noun groups emerge, one 
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with most of the classifiers and a separate one with  zhi, classifier-animal. At Time 5,  you, 

to have  remains subsumed under  ta, she and the classifier-nouns are merged into a single 

structure again. At Time 6, they again split but with all of the specialized classifier-nouns in one 

group and the general classifier-noun in the other.   you, to have rejoins the structure with the 

specialized classifiers. At Time 7, the situation is very similar, but a new classifier,  tao 

classifier-set is introduced into the same group as the general classifier. At Time 8, this remains 

stable.  

There is a lot of variability in these two communities and it seems to be related to each 

other. Overall, this variability seems to lead to a more cohesive CL-N phrase structure because 

the general classifier emerges as its own separate group. Interestingly the newly introduced 

classifier after this point,  tao classifier-set, appears in the network as part of the general, not 

specific, group. This seems to indicate that the generic template helps learners acquire new 

classifiers, consistent with a progression from prototype-analyzed construction. Interestingly, 

though, classifier-noun phrases do not emerge initially as a prototype, but rather evolve into a 

prototype.  

 ta, she  

A related structure centered around  ta, she exists at each time point, although there is a 

lot of variability in its membership over time.  

At the first time point, this construction is straightforwardly compound nouns, specifically 

subjects, mainly possessives without  de, possessive marker and subjects joined by  he, and.  

While  ta, she is prominent, other pronouns are also included. At Time 2, the structure doubles 

in size. This expansion includes the adverbial clause  youkong de shihou, when there 
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is time, possessives with and without the character de, possessive marker, and the quotatives 

 ta shuo, she said;  he, and separates into its own group, so at this time point, this 

community seems to be a more generalized pre-verbal modification construction. Because of this 

expansion, the word  ta, she is less prominent in the structure but there is no other structure 

that supersedes it. At Time 3, this group shrinks slightly again,  youkong de shihou, 

when there is time joins the  qu, to go structure (discussed below) and  he, and rejoins this 

structure, so it has generally reverted to the original compound subjects category. At Time 4, this 

structure triples in size. This is mostly because  you, to have  merges into this group as does 

the more generalized é   de shihou, when-phrase (pre-covid,  youkong, to have free 

time). Prepositions  zai, locative/to be at and  gen, with are also added. Additionally, times 

and activities modified by these prepositions are also included.  yinwei, because also 

merges into this structure.  he, and and complex nouns actually shift out and merge with the 

 xihuan, to like  structure. This substantial shift in both the size and nature of the structure 

seems to be a shift toward specifying times and locations of activities, as well as explaining 

reasons. Although there is some variability in this, this does not revert again to the original 

compound subjects and compound subjects seem to combine with compound nouns more 

broadly under the  he, and structure (discussed below). At Time 5, the group shrinks by one 

member overall, but that is misleading because there is quite a bit of shift.  zai, locative/to be 

at phrases and  yinwei, because clauses both shift out to their own independent structures, 

indicating they may be starting to solidify as independent structures; a cl-n phrase  

sanshiyi zhi dongwu, 31 animals is added. At Time 6, the structure increases by 2 as  you, 
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to have and  gen, with switch out.  you, to have  never returns and remains as a separate 

structure after this point.  zai, locative/to be at and  woshuo, I said are both returned here 

as well, although this is reversed at Time 7 (and another preposition,  dui, prep-facing) is 

added. At Time 8, this structure increases by 4.  gen, with returns, and some nouns are added.  

This category seems to have shifted over time from one centered around compound nouns 

to one that first represented pre-verbal modifiers and later also activities they modify. This 

variability particularly in prepositions  zai, locative/to be at,  gen, with, and  dui, prep-

facing seems to indicate that they are still developing as a category in the repertoire of the 

learner. Interestingly, there is no prominent verb in this structure at any time point. Rather, the 

structure shifts from being compound subjects centered around  ta, she to being descriptions of 

times and locations, of activities, as well as some clausal modifiers.  

Times and Activities 

A group dedicated to times and activities emerges at Time 4. Unlike the times and 

activities just mentioned, the difference is that these times and activities are not modified by 

prepositions. In Chinese, two related structures are both acceptable  ta ZAI 

shierdian qian shuijiao, she sleeps ZAI before midnight (using a preposition) or  

ta shierdian qian shuijiao, she sleeps before midnight (without using a preposition). While the 

meaning is the same, the preposition is structurally different. The times and activities in this 

group are used without prepositions, but adverbial modifiers like  pingchang, usually are 

found here. This structure is also not centered around a particular subject (like  ta, she) but 

rather times are clustered around multiple activities.  
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At Time 5, this remains stable, with only the addition of the keshi budui but 

[thatôs] incorrect clause. At Time 6, this remains stable, although  meiyou, to not have  and 

subordinate clauses switch out, as does the  keshi budui, but [thatôs] incorrect, clause. 

At Times 7 and 8, this remains stable with some additional activities included.  ting 

yinyue duo, listen music (learnerôs non-standard use) joins this structure at Time 7 and is 

removed again at Time 8. 

  he, and  

The development of  he, and is related to that of  ta, she because  he, and is 

subsumed under the   ta, she structure at Time 1. It first emerges as its own structure at Time 

2, disappears until Time 6 after which it remains until the end of the study. At Time 2, the  he, 

and  structure primarily joins predicates, which it never did at Time 1. This seems to indicate a 

shift toward general conjunction and not specifically noun (or subject). At Time 3,  he, and  is 

again subsumed under the  ta, she group, which has reverted to compound subjects. At Times 

4 and 5,  he, and is subsumed under  xihuan, to like. At Time 6, it re-emerges as its own 

structure. This group mainly joins lists of different cuisines (nouns). At Time 7, more nouns are 

included in this group, and at Time 8, some verbs are also included.  

What was originally compound subjects seems to have split into two different structures: 

conjunction more broadly on the one hand, and the description of times and locations of 

activities on the other (as discussed above).  

Clausal subordination/coordination:  

 yinwei, because and  keshi, but are both used by the learner to express 

subordination and coordination respectively.  yinwei, because and  keshi, but form a 



  

111 
 

separate group at Time 2, when they are first used by the learner. After that,  yinwei, 

because forms a separate group at Time 3 and 5. After Time 2,  keshi, but never appears in a 

separate structure, but merges with  xihuan, to like (Times 3, 4, 7, 8), with Times/Activities 

(Time 5) and with  chi, to eat (Time 6).  

At Time 4,  yinwei, because merges with the  ta, she group (discussed above). At 

Time 6 it is merges with the  chi, to eat group (like  keshi, but ). And at Times 7 and 8 it 

is merged with the  zai, locative/to be at group.  

In all cases, these clauses move as a group, which seems to indicate that while they are 

seldom closely connected enough to be independent communities, they are cohesive units.  

 qu, to go   

This structure first emerges at Time 3 and remains until the end of the study. It is 

relatively stable, ranging from 11-19 members.  

At Time 3 it includes the clause  shenme shihou youkong, when there is 

free time and several locations as direct objects. Although the size is stable at Time 4, this phrase 

has switched out and several compound verbs have been added, as well as an adverb,  

changchang, frequently. At Time 5 there is even more stability with  chuqu, to go out being 

added and  huijia to return home  being removed. At Time 6, there is slight growth as the 

phrase  gen pengyou, with a friend is moved here  and at Time 7,  zhe this  is added. At 

Time 8, several locations are added.  

In this structure, although there is some degree of variability, change in this community is 

mostly marked by growth, particularly of adverbs and prepositions.  
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 gen, with  

This structure emerges as an independent community at Time 3 and never again. At Time 

2, we saw that  gen, with prepositional phrase was subsumed under the  he, and structure  

At Time 4 and 5 under the  ta, she  structure; at 6 and 7 under qu, to go, and 8 under  ta, 

she. 

 ting, listen 

This community appears only at Times 4 and 5. Interestingly, at time 4 it is used 

atypically in the clause ting yinyue duo, listen to music much. Prior to this, the more 

typical structure  is subsumed under the  xihuan, to like  community (Time 2), where 

it remains at Time 3. At Time 6 it merges with the  tianqi, weather group, switches to 

times/activities at Time 7, and back to  tianqi, weather at Time 8. It may be that this atypical 

use makes it difficult to organize into the larger structure.   

 chi, to eat  

 chi, to eat first appears at Time 3 under the  yinwei, because clause community. 

At Time 4 it is the center of an independent community mostly with direct objects of flavors  

la, spicy and cuisines  ribencai, Japanese food. At Time 5 it is subsumed under the  

yinwei, because clause again and at Time 6 reemerges independently. At Time 7 it merges with 

 xihuan, to like , where it remains at Time 8.  

 zai, locative/to be at 

This word is first used at Time 4 and at that time is subsumed under the times/activities 

with prepositions group, so at its initial emergence it is only used in the prepositional sense. At 

Time 5 it separates into its own group which is made of subjects and their locations. This is the 

verbal use (not prepositional). It then rejoins the times/activities with prepositions group at Time 
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6. At Time 7  zai, locative/to be at joins the  zhu, to live at group. It expands to include the 

 li to be a distance from, which is first used at this time. At Time 8 because descriptors of 

houses are included, the structure is actually more centered around  zhu, to live at and  zai, 

locative/to be at becomes less prominent.  

This is an interesting progression for two reasons. First it seems like  zai, locative/to be 

at first appears in the learnerôs repertoire specifically as a preposition associated with a variety of 

different activities, then it emerges as an independent community with the additional verbal 

usage, finally it merges with a newly introduced verb. This is one of few times there is evidence 

of the development of an initial prototypical use of a verb (associated with a specific context) 

and then expanding to other contexts. Second, as with the ta she community, it further 

indicates that the nature of communities can change over time, particularly as the prominent 

nodes within them change.  

 juede, to think/feel 

This structure first appears at Time 5, the first time this word is used by the learner, and 

remains through Time 8. It is relatively stable across time points. At Time 6,  ting 

yinyue duo listen to music much (an atypical use) is added here, although it formerly stood alone 

while  hen very phrases are shifted out. At Time 7,  ting yinyue duo listen to music 

much shifts out but returns at Time 8. Interestingly, up until this point, this structure is mainly 

related to weather terms, one of which is  hao de duo a lot better. At time 8, this group 

expands to include  dei ban jia to move house is added. This is probably an important 

expansion because the character  (bolded) has two readings: dei (must) and de (marker for 

modifiers). Because the character is the same, it seems that this expansion is directly related to 
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this character, although it is a different meaning. This may be one way that new items become 

integrated into existing systems. 

 

  dui ni shenti for the body/health emerges as a community at Time 6. This is 

used in the phrase hen dui ni shenti very for the body/health, which is an atypical 

usage. Again, it seems that atypical usages tend to stand alone, at least initially.  

Overall, Xinyi shows a high degree of variability in her written production. While some 

structures seem to be more solidified and cohesive, characterized by relatively gradual increases 

over time, other structures seem to undergo more drastic changes.  

Yuxi  

Over the 20-week period, 11 unique structures emerged in Yuxiôs production, of which 

three were phrasal, and eight were clausal.  In cases where the community had a prominent hub 

(a single node that was higher in degrees than any other), they are named after the hub; 

otherwise, they are named after the feature they represent. Up until Time 6, there is an increase 

in the number of communities, and after that remains steady. Table 17 provides an overview of 

the communities that emerged at each time point. It is important to note that in some cases, 

communities emerged as independent units when they were first used by the learner, while others 

emerged as part of other communities initially and later split into independent communities. 

Some communities show a lot of variability in their membership while others are more stable. 

While some communities appeared at all timepoints after they first emerged, others emerged 

briefly and then were subsumed into other communities. Below, I describe these processes of 

emergence and disappearance, growth and contraction, splitting and merging. 
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 shi to be  

At Time 1,  shi to be emerges as its own community with both subjects and objects. 

Adverbs  dou all  and  ye also are used here. Proper nouns are also associated with this 

group as subjects. At Time 2 the group expands. Although adverbs  dou all and  ye also,  

are switched out, words related to majors are added as well as de possessive. The proper 

nouns remain in this group. At Time 3 and 4, there is no change at all in the community.  

At Time 5 it expands again mainly because  shuijiao to sleep and times are added. 

This is especially interesting because  shuijiao to sleep and times were first used at Time 4 

and were a separate community. At Time 5 they are added to this group because they are 

attached to the proper noun subjects. This means that there is a shift from this community being 

centered around  shi to be to being centered around the proper nouns, although  shi to be 

remains prominent. At Time 6 the group contracts because the proper nouns switch to the 

times/activities group,  de possessive switches to the to the  yinwei because group, and  

 shuijiao to sleep and times separate out to the  wo I/me group while  ye also returns. 

At Time 7 the group expands again, adding chi to eat and related words. At Time 8, the 

subjects mainly return, words related to  chi to eat shift out into the times/activities group. Up 

until this point,  shi to be has been the prominent node in the community, however, the proper 

noun subjects within it are all equally prominent at this time point. 

There is a lot of variability in how the proper nouns are organized in this network. This is 

probably because of the way Yuxi organized the information primarily around themes, rather 

than around individuals. Because of this, she used the proper nouns more than  ta she. In 
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contrast, Xinyi organized around people and so used  ta she more because it would be clear 

who she was referring to. The organization of  is also directly related to this difference, 

since it is attached not to the copula, but to the proper nouns as a sort of additional wing. By 

Time 8, the structure is similar to its initial structure centered around the copula, although it is 

larger.  

 you to have 

At Time 1  you to have appears with a single classifier-noun phrase / you 

si/wu kou ren there are four/five people. At Time 2, the only change is that  dajia everyone 

is added as a modifier of  (this is an atypical usage). At Time 3, the community remains 

exactly the same. At Time 4 it expands to include a new classifier-noun phrase  wu 

dao liu jie ke five or six CL classes as the object of  you to have. At Time 5, another modifier 

of  ren person is added,  meige each. A  stative verb describing people,  

bugaoxing not happy, is also added, so this is an expansion from the classifier-noun expansion 

that has taken place so far, an expansion around  ren person rather than  you to have. At 

Time 6, the general classifier  ge classifier-general is used for the first time and is included in 

this community. In this case,  ge classifier-general is used to modify  ren person instead of 

the more specific , so again the expansion is centered around ren person and not around ; 

however,  bugaoxing not happy shifts out to the joins the  yinwei because group. At 

Time 7,  you to have first appears with unquantified noun  chongwu pet. At Time 8 

 bugaoxing not happy returns.  
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Over the course of the study, this community gradually expands in a way that results in 

ren person being the prominent part of the structure.  

 wo I/me 

Time 1-4 are exactly the same, centered around  wo I/me with the verb  jiao to be 

called and possessives without a marker and the greeting nihao, hello. The greeting is 

attached here because the learner wrote it as a coordinated clause to another sentence. It is, 

however, peripheral to the structure. At Time 5, the clause  xiwang xia xingqi 

hui hao hope that next week will get better and because they share the word hao good it is 

attached to this structure, although it is also peripheral. 

At Time 6, both clauses transfer out to the xihuan to like structure. Most proper 

nouns,  de possessive,  shuijiao to sleep and times transfer in. So, at this point, the 

structure is primarily compound nouns with a few peripheral activities. At Time 7   

zhunbei jia zuofan prepare home make food switches out and  zhi only added.  

At Time 8, the structure splinters into three different structures.  jiao to be called,  

gege brother,  Xinyi (name),  wo I/me,  Kexin (name),  Yutong (name),  

Yuxi (name),  he and,  zhi only shift to shi to be.  , mama mother,  baba father, 

 jiejie elder sister shift to  ta she, probably because this is a list. And  and related 

time words form an independent category. The variability in this structure over time seems to 

ultimately result in the extension of other structures and the development of one new structure.  
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 ta she 

At Time 1-3, this structure is exactly the same and contains  sui years old and also  jia 

home/family.  At Time 4, the preposition  gen with is added as the phrase gen jia with 

family) and at Time 5-6 again remains exactly the same. At Time 7 there is a drastic increase:  

gen with is used with   ren person, and  zhunbei jia zuofan prepare 

home make food all transfer in. At Time 8 possessive with and without  de possessive added. 

Mostly this community seems to be descriptors of  now.  zhunbei jia zuofan 

prepare home make food transfers out, but prepositions remain included.  

There appears to be some overlap between this one and the  juede to think/feel 

structure.  

 juede to think/feel 

Was first used at Time  3 and appears as its own structure as a clause  

ta juede xue huaxue hennan he feels it is very difficult to study chemistry. And  is prominent 

in this group. At time 4 the clause  tamen hen mang they are very busy transfers in, 

attaching because of the word  hen very, which is used in both clauses.  

After Time 4 this group splits in several directions.  juede to think/feel and related 

words become subsumed under  xihuan to like, while  hen very, is subsumed under  

tianqi, weather/  yinwei because at time 5, then under  xihuan to like at times 6 and 7, 

and finally under  tianqi, weather again at time 8.  

Again, we see a pattern of a group building up and then dispersing into other groups. 
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 xihuan to like 

 This structure appears at Time 2, the first time it is used. Both complements like  

kanshu to read and direct objects like  zhongwen ke Chinese class are included at this 

time. Additionally, the adverbial clause ?  youkong shihou when [there is] time (note 

atypical usage), and adverbs  dou all and  ye also  are included in this structure at this time. 

It emerges as a very well-established structure.   

At Time 3 it almost doubles; mainly because the  yinwei because clause is added 

here. Then at Time 4 there is no change at all.  

At Time 5 it contracts as ?  youkong shihou when [there is] time and  

yinwei because clauses switch out.  dou all is also switched out.  ta juede he to 

think/feel is added here.  

At Time 6 the structure expands again as  hen very is added as modifier of  xihuan 

to like and also to  nan difficult.  shi to be also is added at time six. At Time 7 the 

structure grows again as ?  youkong shihou when [there is] time returns. At Time 8 this 

structure is again removed, as is  hen very, but some complements are added.  

 shuijiao to sleep 

This is first used at Time 4 and emerges as an independent community here and again at 

Time 8. At Time 5, it is subsumed under  shi to be  at time 6 and 7under  wo I/me   

Times and Activities 

These are first used at time 4 and remains a separate community for the duration. It 

remains unchanged at times 4 and 5. At Time 6 it nearly doubles because,  chi to eat is added 

to this group (its first appearance) and some proper noun subjects also shift into this group. At 
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Time 7 it contracts again to the same structure it was at Times 4 and 5.  chi to eat and related 

words join the  shi to be structure. At Time 8, the group more than doubles again as  splits 

off into the  xihuan to like group (since it can serve as a complement of  xihuan to like). 

Activities  chi to eat and  are added here, but the structure seems to be generalizing 

because they are not associated with specific times, but rather with other modifiers (direct 

objects).  

 yinwei because ->  hen very 

 yinwei because first appears at Time 3, subsumed under  xihuan to like why 

S likes/doesnôt like something) and remains there at Time 4. At Time 5, it emerges as an 

independent structure, seemingly because it is also used to explain why people like certain 

weather (because weather words are also included here). At Time 6, it is relatively stable, with 

 hennan very difficult switching out and  bugaoxing not happy joining this group.  

At Time 7, it is again relatively unchanged, contracting slightly to remove ?  

youkong shihou when [there is] time, and  nuanhou warm. At Time 8 it expands 

substantially, ?  youkong shihou when [there is] time rejoins as does  hen very and 

related words (  hao good).  

Because  hen very rejoins with its additional words, it takes over in prominence of this 

structure.  

 zai locative/to be at 

 zai locative/to be at is first used by the learner at Time 5 in the clause  

dou zai xiaweiyi all in Hawaii and appears here as a unique structure. At Time 6, this is 

unchanged. At Time 7, this expands dramatically, mainly by adding different types of living 
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arrangements. The emphasis seems to shift away from location. Also at this time,  zai 

locative/to be at is used also as an aspectual marker of  zhu to live at to indicate something 

like is living. So, at this time, becomes more prominent and remains so at Time 8. 

Again, we see a shift in the nature of the structure. 

 cai, food/cuisine 

This is first used at Time 6 to discuss different cuisines (Japanese and Chinese). It appears 

as an independent structure and remains unchanged until the end of the study. It does seem to be 

the first adj-N phrase. 

Yuxiôs writing production, we see a lot less variability than in Xinyiôs. There were many 

time points when a structure simply didnôt change at all while this was rare with Xinyi. 

Additionally, the type of change was different. Yuxiôs path tended to be one of expansion and 

then disintegration or gradual shifts in the nature of the structures. Xinyi , on the other hand, 

showed more expansion and contraction, as well as re-organizing around different constructions.   

Preliminary Discussion 

This section has explored the possibility of using community structure to quantitatively 

identify linguistic constructions and once these are identified, uses them to trace the development 

of all phrasal and clausal structures in the network. One of the key takeaways from this analysis 

is that community structure quantitatively identifies linguistic constructions in learnersô writing 

at the phrasal and clausal level and this is based on the lexical items used by the learners and 

how the learners themselves connected those words. This approach, then, allows for the analysis 

of lexical, phrasal, and clausal structures in relation to each other. This is consistent with a 

complex dynamic systems approach because it takes into consideration the larger network as 

well as hierarchies and subsystems within it. Unlike previous case studies, which generally select 
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verbs that are high in frequency across time points and traces their development, it is able to 

capture a more complete picture of what is happening in the full system and how changes in one 

area may impact changes elsewhere.  Even in cases where constructions didnôt form their own 

independent communities, they moved from community to community as cohesive units. This 

may be another way of identifying subsystems.  

Finally, there seem to be different patterns of constructions. For both learners, some 

communities had prominent nodes with high number of degrees and other nodes with very low 

degrees. These tended to be clustered more centrally in the network. Other communities had 

more even distributions of degrees with no prominent node or multiple prominent nodes. These 

tended to be more spread out across the network. Additionally, some communities themselves 

were more central or peripheral. These are all features of network science that could help show 

aspects of development like how new nodes connect to existing system and how new structures 

emerge. 

Target Language and Development 

So far, we have looked at the learnersô linguistic development over the course of the 20-

week period in terms of macro-level indices that indicate that subsystems exist in the language 

and at meso-level indices that show that those subsystems reflect linguistic constructions and can 

also be used to show the evolution of constructions at different levels over time. This analysis 

has focused primarily on the learnerôs own cognitive processing and emphasizes that learners can 

follow very different developmental trajectories. From a usage-based perspective, these features 

should also reflect the input or target language. In this section, we start to explore the features of 

learner language in relation to the target language. Since average degrees, betweenness, and 

community structure seem to be useful network science indices, I focus on those measures in this 

analysis.  
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Target-language Corpus 

Many studies that take a usage-based approach rely on a reference corpus of the target 

language. In some studies, this is an extensive corpus of academic language. However, the stated 

outcomes of the class the students were enrolled in were to be able to communicate in Chinese 

on a limited number of topics and mainly for social/survival purposes. Because of that, the 

textbook language is taken as the reference corpus for these learners. The textbook used is 

Integrated Chinese 1, upper and lower (Liu & Yao, 2009). The written texts from all units were 

included as an approximation of the language learners were likely exposed to and also were 

expected to be able to use. Although students undoubtedly had more input than this in their 

classes, it is unlikely that teachers at this level would diverge very far from what learners have 

been taught, since at this level they are not expected to be able to handle unfamiliar situations, 

and so it is a limited, but reasonable, approximation of the input language. The corpus was set up 

with metadata about which unit and lesson the text came from.  

Results and Discussion of Target Language Comparison 

Results for the same two students used above are presented and discussed together for 

ease of reference to relevant images and data.  

Since UB approaches predict a progression from prototype to schematization and since 

there is evidence of increased schematization in the learner output, what I focus on here is 1. 

What words increase in schematization in the learner production? and 2. Is there a relationship 

between learnersô schematization and degree of schematization in the target language? I do this 

by comparing the top 5 most schematized words, or hubs, in the learner production at each time 

point to those in the target language corpus. Figure 22 below shows plots for the top five most 

highly schematized words in the textbook corpus, as well as for Xinyi and Yuxi respectively.  
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Figure 22  

Top 5 Most Schematized Words in Textbook, Xinyi, and Yuxiôs Production 
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Figure 22 (cont)  
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For Xinyi, of the 12 lexical items that appear in the top 5 most schematized words in the 

learner production over time, only three overlap with the top 5 from the textbook  (  shi, to be, 

 wo, I/me, and  qu, to go). While shi, to be remains in the learnerôs top 5 most 

schematized words across all time points,  wo, I/me disappears after Time 3 and qu, to go 

appears only at Times 3, 4, 5, and 8. Yuxi is similar. Of 13 lexical items that appear in the top 5 

most schematized words in the learner production over time, only three overlap with the top 5 

from the textbook (  shi, to be,  wo, I/me, and   you to have).  shi, to be remains in the 

top 5 at all time points,  wo, I/me appears only at Times 2 and 3, and   you to have appears 

only at Time 1.  

This indicates that there is little overlap between the input that learners get and what they 

acquire regarding schematization.  

 Because the frequency of specific dependency pairs could influence what learners 

acquire, next we look at the relationship between the pairs the learner produces and their 

frequency in the target language corpus. Figure 23 shows a series of networks  at Times 1-8 for 

both Yuxi and Xinyi. Dependency pairs in the learner output that overlap with those found in the 

target language corpus are shown by blue links. The width of blue links represents how frequent 

the pair is in the target language corpus. The magenta links are only attested in the learnerôs 

writing, not in the target language corpus and so the width of the magenta links indicates the 

learnerôs own frequency. According to UB theory, we would expect that the majority of pairs 

would overlap with the target language corpus (blue), and that the learner would also produce 

more frequent blue pairs first (thicker lines). Magenta lines are expected to be fewer and also less 

frequent (thinner). This information is shown for both learners side-by-side.  
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Figure 23  

Development of Xinyi and Yuxi Times 1-8. Overlap with Textbook  
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Note: Textbook and learner output: blue; learner output only: magenta 
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What we can see from these networks is that initially Xinyi uses more word combinations 

that are attested in the textbook than Yuxi, but both learners use more pairs that are not attested 

in the textbook than those that are. This increases over time. Of the connections that overlap with 

the textbook, some have relatively high frequency in the textbook, while others do not. Overall, 

there seems to be little relationship between what the learner produces and what is attested in the 

textbook, and the relationship seems to decrease over time.  

We can also use similar networks to compare the full target-language corpus to what the 

learner produces at each time point. Although the graphs below are less readable, they give a 

sense of the relationships between the target-language and developing learner networks. All 

nodes in the textbook and learner data are represented in each graph. At each time point, grey 

represents connections between words that are found in the textbook. As above, dependency 

connections produced by the learner that are not found in the textbook are magenta while 

dependency connections made both in the textbook and by the learner are blue. The nodes are 

sized by frequency.  

Usage-based theory predicts that language learners would produce constructions found in 

the input and particularly those that are high frequency in the input, and so again, we would 

expect the majority of learner dependency connections to be blue and also connecting larger 

nodes. Of course, because the learners did not do as much writing as in the textbook, a good deal 

of grey is also expected. Figures 24-25 show distributions of the word pairs only produced by the 

learner, those only used in the textbook, and those used by both for Xinyi and Yuxi respectively.  
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Figure 24  

Development of Xinyi at Times 1-8 in Relationship to the Textbook 
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Note: Overlap with Textbook: blue; learner output only: magenta; textbook only word pars: gray 




























































