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ABSTRACT

The first part of this dissertation conducts a lasgale study comparing general and
usagebased indices of syntactic complexity in L2 Mandarin writing samples across a wide range
of proficiency levels. To do this, the Tool for the Automated Analys&yotactic
Sophistication and Complexity (TAASSKyle, 2016)was adapted for Mandarin by changing
how the syntactic relations were identified and by developing a large (apxI&Mh word)

Chinese language reference corpus. This tool was used to identify and tally both general and
usagebased ingtes of proficiency in a larg@ublicly available learner corpus. Because learning
may not be a linear process, linear and polynomial multiple regressionsmadebuilt for

each type of index. These were compared for general and-basge indices respecely. For
usagebased indices, the linear model best fit the data while for general indices, the polynomial
model was the best fit. These two models were then compaeaghicotherand the usagbased
model was found to be significantly bette predicting variance in the data. Finally, all

significant indices were combined into a single model to seié mightoe 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 tisaged 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 actessls, are ecologically valid, can
be used to compare complexity crdisguistically, and are consistent with other research on
Mandarin that focuses on toptomment structures.

Based on the results detailed in Chapter 3, Chapter 4 turns to thesproogs
development. However, there are some additional challenges to understanding development that

must be considered. First, current ushgsed indices mainly focus on veviAC relationships

iv



or on words in phrases, but do makeinto account the simultanas 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 thieralso 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 gaures changes ahdacrosdexical, phrasal, and clauskdvels In this
dissertation, five macktevel (or full network) indices were first analyzed because they are
theoretically related to the cognitive processes associated with language learning. These were
analyzedongitudinally in twoearly learners of Mandarin and cresectionally using the same
large-scale corpus and statistical methods used in ChapfereBage betweennefw degree to
which nodes act as bridges across subsystemsgwvandgedegrees by typgr degree of
schematization) both showed clear linear trends in the longitudinal data ansigméfieant
linear predictors of proficiency across a wide range of proficiency levels. A model that combined
these network science indgwith the previously identified significant usalgesed and general
indices indicates that network science indices add an additional 10% of variance explained.
Network science, usagemsedand 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
subsystemswhich raises the question: What subsystems? Subsystems are identified

guantitativelyusingcommunity structurand then qualitatively analyzed to determine what (if



any) linguistic features they represent. The changes in these structures are then traced over time
to analyze change in the | earnero6s linguistic
Finally, we would expect that average degreeslégree of schematization) would be
related to the target language. In order to analyze this, a small target language corpus was
developed based on the textbdmkparticipants in th longitudinal studyThe learner and target
language nievorks are then compared.
There are severdiky findings ofthis dissertation witimplications forresearch
instruction, and assessmefhe first partof the dissertation indicates thatagebased indices
are better than general measures as predictors afiprafy in L2 Mandarin writing across a
wide range of proficiency lev&l This is consistent with current complexity research on-opic
comment structures, since both are based on the features of the target language.
The second part of thdissertation eplores & introduces Network Science as a
framework for analyzinghe development of syntactic structuiied_2 writing. It first identifies
betweenness asnewand effectivanacroelevel measure of proficiency and developmé&hile
this has no pallel within other frameworks, tan be conceptualized as the degree of integration
of words across different linguistic constructions anetliated taLangacke's (1999)proposal
that knowing a construction in one context should faciltfa¢eacquisition of related
constructionsn other ontexts Moving to the mesdevel, or phrasal/clausal levéiis
dissertation identifiesommunitystructureas a effective way to identify the constructions that
emergeThese conmunity structures can then bigsed to analyzkow structures develognd
change over timeas well as the nature of that change over time. Finally, although the outcomes

in this study were somewhat unexpected, digsertation also shows how tleaineé s

Vi



production andargetlanguagenetworks can be used to comptre relationship between what
the learner produces and tiaeget language

The findings of the second part of the study indicate that network s@andse used to
combine usagéased theories of language acquisition and complex dynamic systems theory to

explaindevelopment in a more holistic way than eithas donéndependently
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Chapter 1: Introduction
While a substantial amount t#searcthas been done dhe construct of complexity in

learners oEnglish(Lu, 2011; Oreéga, 2003; Wolf€Quintero et al., 1998}t hasbeen less well
studiedin other languagesindso the universality ofurrently usedndices isunclear.
Complexity inlearners oMandarinis of particularinterest for two reasons: First, the
orthographyand typology of Mandarinontain characteristics not found in other langugge&
Thompson, 19813nd so provida point of contragihat can help to identify what aspects of
complexity areconsistenticross diverse languages and whighlanguagespecific Second,
complexity inlearners oMandarin has not beeswidely studiedas other languagedespite
Mandarin being a widely spokemd increasingly studied language

The purpose of this dissertationtwgofold: Firstto better undestandlinguistic complexity
as a construct of proficiency in Mandariuilding on previous work that has been done
Mandarin andn other languagesnd second to understand how complexity emerges and
developsat the early stages of language learning.

General indices of proficienagclude those based onUnits and have been widely used
in the study of complexitfHunt, 1968; WolfeQuintero et al., 1998Although there have been
some theoretical arguments against the validityhe$e indicefor Mandarin due to typological

differences between the two languagie , 2006; Wu , 2018a; Yu, 2020r lotof work on

complexity in Mandarin still relies on those featufdiang, 2013)Fine-grained features such as
topic-comment structures arzeéro anaphorbhave been proposed as alternatives to general

indices because they are unidypological features of Mandar{din , 2006; Wu , 2016,

2018a; Yu, 2020Q)howeverthey are only two of potentially mamyique features of Mandarin



that might be related to proficienddditionally, the selection of these indices is rooted in
linguistic theory, but not in language acquisition theory.

This dissertatiorbuilds on theprinciple of using the features of Mandarin as indices of
language proficiencly rooting the study of complexity and its charageoss proficiency levels
and over time iusagebasedheory. In brief, usagéased theory posits that thequency and
distribution of features in a language are directly related to language legElis@t al., 2014a;
Ellis & FerreiraJunior, 2009a)This has typically been studied using vargument
constructions (VACs) and the verbs that fill thémthe language of native speakers, there is one
exponentially highfrequencyerb 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 thatisenae,
prototype or pathbreaker that helps the learner acquire the constraatioonce acquired
learners become able to use it in increasingly analyzed or creative wsiylsgbiyuing in other
verbs(Ellis et al., 2014b; MacWhinney, 2014)dices based on the frequency and distribution
of verbs within VAC structureelate language acquisition directlydtouctures and distributions
of the input or target language

In order to understand the effectiveness of udsged indices in predictingriting
proficiencyin learners of Mandarjrihe first study in this dissertatimomparesisagebased
indices togeneral indicethat have been widely used in both English and Mandahia.
motivationfor the comparison of these two types of featiseg to identify which approach
(measures based on the target language vs general mdssaé®only on learner productjon
better explain variance inriting proficiency scoresf Mandarin learnerandb) to be able to

contrast the effectiveness of fedwo types oimeasurescrossanguagesThe results othis



studyindicatethat, consistent with English, usalgased indices are better predictors of
proficiencyacross a wide range of learnardvlandarinthan the general indices

Thisresearch relying on frequency and distributional norms in the target language
provides empirical, as well as theoretical, support for taking a szl approach to
understanding the development of complexity in learners, which is the fothes s#cod study.
The study ofongitudinaldevelopmenat the early stages of learnjrigough,introduces
additionalchallengesFirst, constructionsare any forrameaning pair and so can be lexical,
phrasal, clausal (and other levels dealt with in this project)VACs deal with clauséevel
constructions but leave out the oth&scondjn language development, these constructions are
learned simultaneouslgnd multiple instances of eatyfpe ofconstruction are learned
simultaneouslyi(e., multiple words are in the process of belegrnedat the same time as
multiple phrasal/clausal structures). The result is that many constructions at the lexical, phrasal,
and clausal levadre under developmeint the cognitive lingistic system of a learner ahy
givenstageof developmentThird, all of these ceexisting and caleveloping constructions may
impact the development of other constructions anduthéinguistic system in ways that are not
necessarily lineafourth,lJanguage 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 compléxitiie analysis Complex
dynamic systemtheory(CDST)has been used to account for some of this complexity
Commonly used methods @DST approachesiclude analyzingariability in a singlefeature
over timeandanalyzingbinaryrelationships between features and hbase relationships
change over timaVhile thesehave proven to be useful approaches, they are limited in that they

can only include two featurgat mostBecause of thishe second study explores the possibility



of using Network Scienc@arabasi, 2015)ybranchof math designed for the analysis of
complex dynamic systemt& more holisticallyanalyze the development of complexity across

different levels of constructions

Overview of Dissertation

Chapter2: Literature Review
The literature revieyprovides an overview agecentsyntactic complexity researchs

well as three related thedi®al approaches used in this studyagebased theory, dynamic
systems theory, antetwork science. Based on this literature reyigvesearch questions are
identified

Chapter3: Complexity in Mandarin: Validatingl ndices acros®roficiency Levels
This studyextends previous resear@g, Kyle & Crossley2017)by comparing usage

based and general indices of syntactic and lexicogrammasesl learners of Mandariri_ike

that study, it comparesomplexitymodelsthat use general indices with those that use usage
based indices. It extends that study by investigavhether nodinear trends exist in each set of
indices, providing further information about their ovepatdictive ability in Mandarin
Consistent with Kyle and Crossley (2017), it finds that in Mandasgagebased indices are
better predictors gbroficiency thararegeneral indices and that the frequency of the verb
decreases over time while the strength of association between verb and VAC increases.
Furthermorein general indices, nelinear trajectories were foundhile usagebased indices
were linear. The results of this study indicate that udsgeed indices are better predictors of
proficiency thararegeneral indices across a wide range of proficideegls and so a usage

based approach is taken to analyzing second language developthertecond study

Chapter4: Development in thé=arly Stages ofLearning
Based on the above resuditsd challenges of studying early developinBletwork

Science is used tanalyze the development of early learners of Mand&iie macrelevel



indices were first selected based on their theoretical connection to the cognitive processes of
language learningiwo of these were found to have linear trends in the longituditalashal

also were significant and meaningful predictors of language proficiency across a wide range of
proficiency levelsBased on these outcomes and questions raised by them, additional Network
Science features were usedatmlyze the individual trajeatesof two studens over a 20week
periodand also the relationship between learner production and the target language for this level
The results of this analysis provide partial support for ubaged theory, but are also partially
incompatible with UBheory. 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 constructiotige full linguistic systemrhenetwork science
indices ardetterable to account fathanges in the system at the macro, meso, and micro levels

as well as interactions among these levels

Chapter5: Discussion andConclusions
Four key findingof this dissertatiomre highlighted irthis chapter, specifically:

1. Usagebased indices are better predictors of writing proficiency than general indices,
2. Betweenness is proposedaasew measure of complexity,
3. Community structure can be used to identify linguistic structures and their
developnent over time, and
4. Network sciencean 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.



Chapter 2: Literature Review

Syntactic Complexity in L2A
The history of complexity studies and current trends isdisstussed in order to situate

this dissertation within the larger context of complexity resed&ekearch on the construct of
complexity has focusklargely on indices to measure it and particuladydentifying a small
number of indices that will predict proficiency acrosside range of proficiency levels. This is
made more difficult by the fact that complexity as a construct is not clearhyedé@le Clercq &
Housen, 2017; Pallotti, 2015; Paquot, 2QEibsumingbsolute complexity and relative
complexity. The former is defined as the number of features, length of features, ratios of one
feature to another, and numberelationships between features; the latter is related to difficulty,
which can include the cognitive load a particular feature requires to pargassiuce and is
related to learnespecific factors such as aptitude, memory, motivation(Btdté & Housen,

2012; Pallotti, 2015)or it can le related to sophistication (e.g. frequenog distributiorin the

target languageKyle & Crossley, 201).

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

level, although other types of complexity were aswledged In Wolfe-Quintero et als (1998)

synthesis of syntactic complexity measures from the 1970s to 1990s, syntactic complexity was
defined, following Skehandés original definiti
fa greater variety of synt ap BOB quotpdaWolfer ni ngo (
Quintero et al., 199%. 69). Despit&Volfe-Quint er o ermphasa hads Afcompl exi ty
manifest in writing primarily in terms of grammatical variationand p hi st i 70)andi ono ( p
their relatedstatementhat complexity was not exclusively frequencies of specific featuresf, 15

34 measuresurveyed wer@requencymeauresand 16 were ratoper sentese, T-unit, or



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 oohild 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 measyi@sité & Housen, 2012; Norris & Ortega, 2006; Weeiintero
et al., 1998)which fall intofour categories: omnibu@Byrnes et al., 2010general, finegrained
and diversity

Omnibus measuremethosethat capturalifferent types ofeaturesn one measurelhe
most commonly used omnibus measure is mean lengtkuaftTalthough sometimes mean
length of sentence is also useeurits are defined as a main clause and all subordinating or
embedded clauses, which are the largestssmitence chunks that can be giuated. 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 gerasaincluding coordination.

General measureseindices that captunmore specific syntactic structures. Examples of
commonly used measures include clauses per TU, which includes different types of subordinate
clauses; mean length of clause, which measheeaddition of any phrasal structure; anthits
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 measurafo not sem to have arstablished definitiad treat measures that
point to a specific syntactic structure, not groups of structures, as fine grained. But there are

degrees ofranularity,and this is discussed in more detail below.



Diversity measuresiow 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 thaf difigeent

structures available to a learner.

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

guantities of features in learner production, relative complexayreadercategory subsuming

subjective and objective aspects of complexity. Subjective factors intludlev ficost,l y, di f
or har do (Bulté®& elausen, 2042, p. 84nd what is hard for one |esar, may not be

for another. Objective relative measures, on the other hand, include things like salience
(prototypicality, genericness, meaningfulness,) etied frequenes anddistributiorsin the target

language.

Current Trendsin Syntactic Complexity Research
As mentioned abovéYolfe-Quintero et al. (1998ynthesized the results wianystudies

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 complékityris & Ortega, 2009and so | include
themherg. | takeWolfe-Quintero et als (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 developmemsludeshifts 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, | discuss these shifts and their

contribution to the field of SLA in botlohgitudinal and crossectional studies.



Omnibus toGeneralto Fine-grained
In Wolfe-Quintero et al.'s (199&ynthesis, 26 of the 31 stediincluded omnibus

measures (MLTU being the most common); 12 included general measures, and only six included
fine-grained measures of complexity.Bulté andHousers (2012)survey of 40 studies from

1995 to 2008 (13 years), six included omnibus measures, 10 included general measures and eight
included finegrained measures. Since 2010 (10 years), there have been at least 14 studies of
syntactic complexity that included firgrained measures, in both craestionalBulté &

Roothooft, 2020; De Clercq & Housen, 2017; Kyle & Crossley, 2018; Verspoor et al.,&2012)
longitudinal(Biber et al., 2020; Bulté & Housen, 2014, 2018; Caspi, 201639 &

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

Verspoor, 2010; Verspoor et al., 2012; Vyatkina, 2013, 26tL&)es.

Cross-sectional
At least four crossectional studies included firgrained measurekyle andCrossley

(2018)compared a maa of 14 traditionally used general complexity measures with a model of
26 finegrained clausal measures and a model of 17dgraged phrasal measures in TOEFL test
data. This study showed that the model with-fyn@ined phrasal measures explained 19%®
variance in the data, compared with only 6% (general) and 3%qfaieed clausal). Moreover,
models with traditional general and figeained clausal measures were significant, but had small
effectsizewhile the model with finggrained 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 finegrained dependent clause types that
distinguished between two different levels (adverbid| Pelative 34), compared to tlee

general measures that all distinguished between only lexg&(sithple sentences, complex

sentences, and ndimite clauses)Bulté andRoothooft (2020)ncluded the finegrained measure



of mean length of noun phrase in a study on oral language, as wdlloadisate clause ratio

and mean length of clause and found that only the subordinating clause ratio (najraified
measure) significantly explained proficiency in IELTS test data. SimilagyClercgand
Housen(2017)used the same measimeadolescent 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 fgrained indices in theanalysis. Four

of these studie@Bulté & Housen, 2014, 2018; Spoelman & Verspoor, 2010; Verspoor et al.,
2008)included only mean length of noun phrase as admnaned measure (among other general
measures and/or measures of accuracy and fluency). Similar to theectiesal dataBulté
andHousen (2014found that for EAP learners, mean length of noun phraseased
significantly before and after instruction and was significantly related to holistic quality scores
over four monthsin contrast, irBultéandH o u s e n 6 study a2 d&ldleBcent learnexsross
19 months, the mean length of noun phrase did not show substantial change while MLTU, which
includes clausaubordination, 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 legl. Noun phrases were treated as a single uBtité andHousen (2014,
2018), BultéandRoothooft (2020)and De ClercaandHousen (2017)while they were further
divided into subjects, objectandindirect objects, ifKyle andCrossley (2018)In addition,
Bulté andRoothooft (2020used oral data, which tends to esusalstructures rathaghan
phrasal structurg®iber et al. 2011) Finally, phrasal indices seem to be the best-§raned

predictors of proficiency iTOEFL dataputin 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 levelClausalmeasures have been shown to be more typical of everyday
conversation associated with lower proficiency levétdle phrasal elaboration has been
associated with academic langugBéer et al., 2011)

Several additional studies (and series of studies using the same data) have examined
longitudinaldevelopment of a wider variety of firggained syntactic complexity measures
beyond the noun phraséyatkinaand colleagueévyatkina, 2012, 2013; Vyatkina et al., 2015)
have done geries of studies of complexity in L1 English learners of German in an
undergraduate program. The initial styyatkina, 2012kxamined general measures of
syntactic complexity in the corpus and compared the group trend twasecstudies, finding that
one relied primarily on coordinatipwhile the other made more use of subordination and
embedding over time, ultimately reaching overall higlegel writing ability. Vyatkina (2013)
did a case study on the development of the same two learners using mgreified measures
of coordinate structures (4), complex nominals (4) andfimite verb stuctures (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 meadvanced structures and the other showing
decreased variability, indicating a greater deal of comfort with the wider variety of syntactic
structuresVyatkina et al. (2015¢xamined the development of the seven features of the German
modification system in the same data sets®tudy found that while overdhe 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

measires. This progression from general to fgrained measures in the same data highlights the

11



benefits of using fingrained measures: while general measures showed a linear correlation with
time, thefine-grainedmeasures showed specifically which aspettmodification developed

and which did not, as well as how different learners approach modification. This kiethdéd
information is morepplicableto language instructioand also more useful for specifying how
language complexification occurs. Like the studies on length of noun phrase iHdgeler

learners, in this group of novice to intermediate level learners, subordinate and relative clausal
modifiers increased siditantly over time.

Another set of studies that analyzedre finegrained features of syntactic complexity
uselMi c hi gan St acbrpus & BAPVearness iovienya demonth periodFriginal and
Weigle (2014)used multidimensional analysis to group features together. Of the 114 measures in
CrossleyandMcNamara(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 significaritipeaad were
negatively associated with quality, while the number of incidem®tahcreased significantly
over time. Although the measures are very different fikgtie andCrossley (2018)it does seem
consistent with the general trend of clauses being associated withlewgklanguage and
decreasing as proficiency increases.

Biber et al. (2020&xamined four finggrained measures of syntactic complexity of 22
undergraduate argtaduate students early in their college careers and again four years later,
using texts written for different disciplines. The use ofmedifying nounswvasthe only
measure to change significantly over time while inghastlongitudinal analysis, time was not
significant for any features, possibly because discipline and undeajggdaduate level played

a greater roleMazgutovaandKormos (2015ktudied the development of a variety of general
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and finegraned complexity featuresa well asneasures of diversityat arediscussed below
and lexical measures) in 39 students in an EAP program before and after 60 hours of instruction.

For the most part, in crosectional and longitudinal stigs that have included both fine
grained and general/omnibus measures, thegiiamed 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 wevell-suitedto the level of learner and the modality. In
addition, the fine grained measures may be able to distinguish batveeerspecific levels of
proficiency (as irVerspoor et al., 2012)

The effectiveness of fingrained indices ipredicting proficiencynay be due to the
nature of the indices.@nibus and general measures of complexity mapeai determinations
about what aspects of complexification should be grouped together, as describeFabove.
example, in phrasal elaboration, all phrasest{,noun, prepositio, etc) are considered to be of
equal importancebut in reality may evolve at different stages of developnkenégrained
measures do not have this issue: They measure the use of very specific parts of speech, types of
clauses, and types of phraséme-grained indiceseave no doubt about exactly what is being
made more complex and the impact that it has anéegroficiency/development. Rather than
starting with the assumption that different types of complexification are equal, it makes the
oppositeargument They may all be different.

These empirical findings indicate that this trend toward moredingal 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 exabgded on their synthesis of syntactic
complexity in collegdevel writing research thancluded only general measur&grris and

Ortega (2009proposed the learning progressgiownin Figure 1
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Figurel

Norris and Ortega (2009) Learning Progression

Clausal coordination Clausal subordinatio

Verspoor et al. (2012py includingbothfine-grained and general measures in their study

Phrasal elaboration

on lowerlevel adolescentsyere able to proposemore specifiprogressiondescribed in Figure
2.
Figure2

Verspoor et al. (2D2) Learning Progression

Simple & complex
sentenes; adverbial,

Syntactic chunks norinites, clausess, Relative clauses
semantic chunks,
complements

Similarly, in longitudinal work, finegrained measures can shewactlywhat features

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

Absolute toObjective Relative Measures
Another trend in how syntactic complexitydsnceptualized is the shift from absolute to

objectiverelativemeasuresAlthough some studies have used native speaker language
comparison with learndanguagetreating native speaker as the highest level of proficiency,
relatively few have used nwois of the target language as indices of language acquisition. As
mentioned above, iWolfe-Quintero et al(1998) of the syntactic complexty featuresanalyzed
two measures made an attempt to relate complexity to features of the target language.
Obijective relative measures haween used primarily in studies that specifically take a
usagebased approacfihis is discussed in more detail below, baiaorief overviewthis line

of research has looked at language learning in relationship to learneoiinprgetanguageoy
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andyzing verbargument constructions and the verbs that fill them inaiget languagand
comparing that to the L2 learner production in both ceesgionalRomer et al., 2014nd
longitudinal(Ellis et al., 2014a; Ellis & Ferreirdunior, 2009b, 2009a; Riggs, 20E8)dies

These studies found that, although there are some mitigating factors, such as prototypicality,
genericness, saliendel typology,and ingructional contextlearners tend to acquire features
that are highly consistent and high frequency earlier thasfiegquency and inconsistent pairs
and select highdrequency/higher consistency verbs when asked to fill in blasgisg TOEFL
writing teds, Kyle andCrossley (2017rompared a model of traditionally used absolute
measures of complexity 'tomodelhat used strength of associatloetween verbs and their
argumentsand frequencyn the target language and found that the model that used the usage
based measures was a significantly better predictor of haligting proficiency scores than the
traditional model, withverbfrequencystrength of agsciation being the best predictors of
proficiency.

Going beyond WAC pairs,Ellis andFerreiraJuniofs (2009b)longitudinal study
additionally examined the frequency in the input of other islands (prepositions in locative
phrases, for example) and the specific words thahflisland. While the associations in the
input were not astrong as those for verbs in VACs, and there was less consistency in which
lexical itemsthe learners acquired first, the general trend of acquiring highly frequent and highly
consistent pairs was still true.

In a related studyRaquot (2019analyzed phraseological units using a sttierad
association measurgointwisemutual information(PMI). This study found that adverbial
modifier PMI distinguished betwee@EFR(The CEFR Leve)s1.d.)levelsB2 and Cldirect

objectmodifier PMI distinguished between C1 and C2, adlectivalmodifier 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. Similarbrspoor et al(2012)included schematic
chunks which seem to fall somewhere between strictly syntattrasesandlexical items. This
study found that the schematic chunligtinguished between levels one and two and between
two and threeWhile only one relative measure was included in the stitigdhas an important
factor in distinguishing between levels.

Although including objective relative measures in syntactic conmylexstill somewhat
uncommon, crossectional studies have been consistent in showing that even very different
types of measures{WAC constructions; chunks, phraseological units) are better predictors of
proficiency or distinguishing between groups tlaésolute ones. Longitudinal studies, on the
other hand, show a direct relationship between input and output and additionally can poovide
justimportant information about what develops and the stages of development, but also
information about the cogtive processes involved in language developr(thig connection
between targetanguage distribution and language learning is discussed in detail in the section
on usagehasedheory)

An additional benefit of objective relative measures is that theyowepthe validity of
how syntactic complexity is defineu (2011) and WolfeQuintero et al. (199&)oth based
their recommendations of strong measures at least in part on their linear pasgossdevels or
over time Language learning, however, has been shown to be largeljnean(e.g, Caspi,

2010; van Geert, 200830 a linear progression is not necessarily an indication of the validity of
a measuré¢Bulté & Housen, 2012)n addition, when looking at absolute complexity, there is an
assumpti on t h dBulté& mauseer, 2014but featurds assocsiated with higher

levels of proficiency, such as phrases, actually haverasolute complexityn 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 shouldnot
ceiling. Objectiverelativemeasues, 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 languagefor different purposes.

Diversity
Wolfe-Qu i nt er o edynthasis indusled fdlnte&8rgs of syntactic diversity,

although Avariety of structur e BdtéandHousen's| ude d
(2012)survey of 40 studies also included no instances of diversitiiegtpoint 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 subordmaiither
sources of grammatical complexity and other-saimponents of lexical complexity or
any aspect of collocational complexity, are rarely measured, if éBalté & Housen,
2012, p. 34)
Since then, several studies have explored syntactic diversity. Insgctssnal studied)e
ClercgandHousen (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 sirBilandJiang (2020xalso developed a
measure of diversity (explained below) amdnpared the amount of variance it explained in the
data to that explained by general syntactic elaboration mea&@amstal indices ofysitactic
elaborationMLS, complex nominals/clause, clauses/T unit) togetlseounted for 36% of
variance in the datahe diversity index alone accounted for 32% of variance in the data and both

together accounted for 45%dicating some degree of overlap between the indices
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In longitudinal studiesCrossleyandMcNamara (2014) and MazgutoaadKormos
(2015)i ncl uded syntactic similarity, which ficomp.
and POS c o(CwdsleywdvicNamaras 2014, p. 70 generalmore advanced writers
tend to have lower syntactic similarityasesmost likely due to the fact that they are able to use
a wider variety of syntactic structurédthoughsyntactic similarityis 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 | include it here. Both studies found a significant decrease in
syntactic similarity in adjacent sentences between colgd EAP students after four months
of instruction(Crossley & McNamara, 2014nd after an intensive course that included 60 hours
of instruction(Mazgutova & Kormos, 2015)

Diversity, defined as type:token ratio, was include®{yte (2016)and loaded onto the
same factor as frequency. This facivas 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 crossectional and longitudinal studies are consistemdicating that
syntactic diversity is an important sgbnstruct of complexity. The way that it is assessed across
studies, though, has been inconsistent, with each study using a different operationalization of it:

1 De ClercgandHousen(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 + (uniquaccostes

samples/2} 1;
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1 BiandJiang(2020 developed a formula fatetermining diversity that they call
MSTTRDRS5Q This is the inverse of theum of the type:token ratio echsampletimes
total number of samplesr MSTTRDR50=1/ n ) Et t r i

1 CrossleyandMcNamara(2014 andMazgutovaandKormos(2015) asmentioned
above usedsimilarity of clausal, phrasal, POS constructions in adjacent sentences

1 Kyle (2016 usedtype:token ratiof constructions, main verb, andrb-VAC pair.

These trends toward firgrained, objective relative, and diversitglices raise questions
about the nature of complexity as a constrGomplexitywas originally conceptualized as a
single construcdf language proficiency. Ithe literaturemanystudies focus on either syntactic
or lexical complexitywhich seems to indicate that these might be two differentsnostructs of
complexity The research on usatased indicemdicates that there mdye lesof a distinction
betweerlexical and syntatic complexiy, however Additionally, it is possible that these trends
represent different setonstructs of complexityoverlapping constructsy even their own
independent constructs (raib-constructof complexity per se This isan empirical question
beyond the scope of this dissertatibat could be explored using latent variable path analysis.

Finally, thevast majority of the research outlined above has been done on Eagtish
much of it has been on learners of English for academic purgasesonvenient aspect of
using a general measure like mean length-ohit is that it can besed to measunertually all
languagegalthough, as noted above, there are issues of validlign doing that)creating a
common measure to help identify trends cilosguistically. The new trendsutlined abovere
somewhat less conveniantthat waybecause they are language spechine-grained indices
would be unique to eadhnguageandthe same structures may not perform the same way across

languagesFor 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 langliagepedic fine-
grained features associated with increased proficiency may look very different in different
languagesThis complicatesrosslinguistic study ofcomplexitydevelopment

Diversity and objective relative indices, on the other harelbased on the target language,
but generalize across specific features anmaplend themselves to cro$isguistic
comparisonFor examplewe would expect learneed higher proficiency levels to be able to
produce a wider variety of syntactic structures regardless of what the specific stroicthees
languageare. Similarly, in objective relative indicese would expect learners at higher
proficiency levels tdhave a better understanding of tfeebs more strongly associated with

particular VACs, regardless of the specific v8fAC structuresepresented ia language.

SyntacticComplexity in Mandarin
The above work has primarigxaminedenglish and to a limited degre¢herEuropean

languages. However, the role of syntactic complexity in more typologically diverse languages is
important in order to fully mderstand syntactic complexity. In this section, | look at syntactic
complexity research in L2 Mandarin writing, which is relatively sparse.

L2 Mandarin writing research includes omnibus measi&rs , 2015; Jiang, 2013nd
fine-grained measurddin , 2006; Wu , 2016, 2018a, 2018b; W. Yang & Sun, 2015; Yu,

2016, 2020; Zhang, 2014)bjective elative measures do not seem to have been researched in
Mandarin. Diversity wa included irzhang(2014)

Jiang (2013andAn  (2015)both used traditional-Tinit based measures to analyze the

syntactic development of L2 Chinese learndiang (2013gxamined 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 dres tunits (words) distinguished
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between levels and3 andbetweer3 andNS, but not between levelsahd2. The percentage of

error-free T-units distinguished between all four levelsn  (2015)examined five indice

related to the development of complexity, accuracy and fluency. The only one that dealt with
syntactic complexity was clauses peufiit. The ANOVA analysis showed significant
differences between the three levels studied. However, learner texts wee thasa larger
corpus based on scores. Only writing samgias scored0, 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-grainedmeasures includéhands (2014)study of resultative verb compounds and
W. Yang & Surs (2015)study that included a variety of specific features (such as passive,

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

Mandarinthat may indicate direction, completion, or ability. They consist of a wdidwed by

another word that indicates additional information about the verb. They may indicate mode,
direction, or ability. Zhangés stundtty analyzed
diversity), and accuracy of resultative verb compounds in ausoop 784 essays at the

intermediate low, intermediate high, advanaet 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 dkvels.YangandZhao (2018found no significant differences between
production in a onsemester study that included a variety of fmained syntaat features, such

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

sentenceThe authors concled that the study may have been conducted over too short a time

period to see meaningful change in learner proda.
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The topiecomment structure of Mandarin has been a consistent focus of complexity
research in Mandariff.he selection ofdpic-comment structureis based on linguistic theory:
Mandarinis considered to be a toppomment languagevhich relegates subordination to a less
prominent roleand sogeneral measurdkat largely featte subordination & not appropriate for

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

compared TU and clausmsed measures to measures based ondopiment structureand

found that the topicomment measures performed better. More recémly, (2016, 2018b)

found that for both English and Korean L1 learners of Mandarin, the number efrmgshora,
number of topic chaingnd clauses/topic chain effectively predicted scores and also
distinguished biveen proficiency levels. In addition to this, for Koreanlédrnersmean length
of TU was an effective predictof proficiencywhile for English L1llearnersthe mean length of
the topic chain was effective, indicating that in generaliadhie-comment and zeranaphora
measures performed better than general meaalihesigh this may be influenced by.[Mu
(2020)developed a taxonomy of topgomment structure types and validated them using written
data from learners and native speakers. The results of this study indicate that tbhertopant
based measures discriminate betwesndnd highlevel Chinese learners and native speakers.
However, the proficiency groups were quite broathis study

With the exception of Wubs studies, researc
compare omnibus/general and figeained meases, but overall, the results seem to indicate
thattopic-commentmeasures do a better job of predicting both proficiency and betgveep
differences in Mandarin.

Diversity was included irzhangds 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 MllCRlypes across all proficiency
levels.
Of the trendoutlinedin the Current Trends in Syntactic Complexsction general
indicesanda limited selection dfine-grainedindiceshave been used tesearchhe writing
proficiency ofMandarinlearnersLike the research that has primarily been done on learners of
English, finegrained indices seemtobebedlet accounting for wvariance
proficiency than general indices, although theregktively little work comparing the two types
of indices Diversity seems to have been included in only one study and usintherdjversity

of RVCs. (bjectiverelativeindices on the other handhave not been stuat at al.

SyntacticComplexity Summary
Many indices of complexity have been developed and tesagay in learners of English

and particularly in EAP contextbut howthese indices perform in other languaged learning

contexts particularly in typologically distinct langgesis not well understoodn light of this,

the first part of this dissertati@xtendKyle andCrosslg's 2017)comparison ofjeneral

indicesand usag#ased indiceto Mandarin learnerdJsagebased indices are chosen because a)

they are directly rooted in language acquisition theory, unlikegira@ed indices which, for

Mandarin, have largely beaelected based on language typoldgythey can be directly

compared to the results of Kyle and Crossl eybd
applicable these indices are across langyagekc) Wbagebased indices have never been tested

on Mandarinand so should be includ@&dthe analysisThe firststudyin this dissertation

compares the effectiveness of generdidasand usagdased indices predicting writing

proficiency score in a large cressctional learner corpuspecifically aking
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ResearchQuestions 13
1. What is the relationship betwearsagebased indiceandwriting proficiencyscoresn
the writing samples of Mandariearnersandwhichindicesshownontlinear
trajectories?
2. What is the relationship betwe@aditionally used indiceandwriting proficiency
scoredn the writing samples d¥landarinlearnersandwhichindicesshownortlinear
trajectories?
3. Of the indices identified above, to what extent do the different types of indices account

for unique variance in the data?

UsagebasedTheory
Theability of usagebasedndices to predict writing score across a wide range of

proficiency levels in darge crosssectionalcorpus igested in the first study of this dissertation
This studyfoundusagebasedndicesto be better predictora terms of the amount of variance
explained and for other reasqfaéscussed in deilan Chapter 3) The firststudydirectly informs
the secondtudy, whichanalyzes théongitudinal development @lomplexity in learner writing,
by providing empirical evidence of the validity of usdggesed indices on Mandarin. Since the
dynamic processes of development over time are the focus of this second investigatien, usage
based approaches are combined with a compatible theoretical ooien@dimplex Dynamic
Systems theory. Both theoretical orientations are discussed in detail below, including points of
overlap between therkinally, Network Science iproposed as a tool that could allow for the
more holistic analysis of complexity

Usagebased theorgf language learning is closely entwined with Emergentism and
Construction Grammar. ldsagebasedheory, language knowledge is conceptualized as a

ment al Andatabaseo of specific exemplars of
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database is information related to the form, or constructions (phonology, morphology, lexicon,
syntax, etc.) ashits function (semantics, pragmatics, discoymdisjributional patterns of
exemplarsand generalizations abouhich exemplarcan begrouped togethe(Ellis, 2002a,

2002b; MacWhinney, 2014)

To learn a language, then, requires building this mental database so that the exemplars,
generalizéions, and regularities are consistent with the target languaggacker, 1999)This
information is gathered and tallié@m inputvia general cognitive processes with no specialized
languageexclusivecognitivemodulegBybee,2006; Ellis et al., 2014b; Langacker, 1998he
mainprocesses involved asgmbolization, attentionmemoryassociation, entrenchment,
schematization, categorization, extensiamgcompositionBybee, 2006; Ellis, 2002a, 2002b;
Langacker, 1999)

Usagebased 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 interactiormigond the scapof this dissertatigra brief introduction
is provided.

Symbolizationis 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 asmemory in the hippocampus, which is the center of el
episodic memory(Ashcraft & Radvansky, 2018; Ellis, 2002B)ssociationis the cognitive
function that allows one thing tov@ke 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 increasinggitrenched or automatized, until it becomes its own
independent uhjirequiring no conscious processifigybee, 2006; Langacker, 1999his
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,sesh@matization a special form
of abstraction that allowsne to overlook fingrained 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 common@laygacker, 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 addetithroughcategorizationd the new
information is compared to what already exists. Categorizations need not be exact matches but
must have some degree of commonakliytension the ability to connect things that are not
perfect matches, aids botthsenatization and categorization. Compositionality allows the
linguistic units to be mixed and matchédthough these are often callbdilding blockswhere
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. Thesegs®g can be implemented at all
constructiorlevels (phonology, morphology, lexicon, syntaangacker, 1999)

The menthdatabas¢hat emerges as a result of these cognitive processésins
thousands of forrmeaning pairs, or constructions, with information about frequency of

occurrence, frequency of -@xcur, and associations between form and function. Based on this

26



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 ex€Ei[i$ar2002a)

Strength ofAssociation
How these cognitive processes are related to language use, specdittayrequency

and distribution of forrmeaning pairs in the input language the learner recdiassdyeen a
major focus olusagebasedesearctand shows a progression from prototyf@smemorized
chunks)to moreschematized constructiof@r those tht canbe used creativelyVerb-argument
constructiongVVACs) and the lexical verbs that fill thehave been the main subject of research
since verbs are central to the mearohg clauseAs an example, this kind of research would
treata construction likesubjectVerb-objecttobject2as a VAC onstructionthatalso canesa
meaning independently of the specific words that fill it. A common example is that in a sentence
with nonsense words such ao welhuwende rashbt amac dtohod t
animate entitys transferring something to someone/somethingelse,a t hough we don
whatthesemadeup wordsmean This kind of construction, then, selects verbs of transmission
like giveortell.

In the language production of native speakeze)s of transmissioare much more likely
to appear in this construction than other veabd so are said to be strongly associated with the
constructionEllis et al., 2014a; Gries et al., 2005)jmilarly, other verbs are exponentially more
frequentin other VACs Thefrequency distributiof verbs in VACs tend® beZipfian, with
one exponentially higfrequency verb that is prototypical of the meaning of the \(Ells,
2002a) Because one verb e&xponetially high-frequencyin a given VAC learners receivenore
input of that verbVAC pair and so it acts as a prototype or pathbreaker for the construction

Oncethe prototype is establishadith ongoing input exemplaradditional verbs begin to be
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substitited irto different islandsia processes of schematizatamd the learner develops a more
analyzed constructigror the ability to creatively use language

Strength of associaticand frequencyndices in native speaker production have been used
to measure the extent to which learners acdqugb-frequency verbs and strongly associated
verb-VAC pairsfirst. First the strength of association for eae¥fAC pair is determined based
oninputor targetlanguage corpora, which serve as approximations of learner input, then that
strength of association is used as an index of learner proficitaaynderstand thassociation
between a verb and VA is important to note that there are four possible combinatioas of
VAC and the verb that fills jtshown in Figure 3Thebolded outeboxin Figure 3represents all
verb-VAC combinations in theorpus The nner lox 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 oth&fA€rpairs (those
with neithe the verb nor VAC)AII four contingenciesnfluence the strength of association
between verb and VAC.

Figure3
Verb-VAC Possibilities

a. + verb + VAC

b. + verb-VAC

c.-verb + VAC

d.-verb- VAC

28



Theoretically, if the ve)/AC pair occurs together frequently and neither the verb nor the
VAC is frequent in other constructiorthge pair is highly consistent and it is easier to form strong
associations between such a pairHigure 4 the extrera caseb andc are bothvery smal).

Figure4
High-frequency, Highly ConsistentWACs

a. + verb + VAC

b. + verb-VAC
c.-verb + VAC
d.-verb- VAC

On the other hand, if, as Figure 5 the verb and construction are less frequent
(represented by a smaller box &)rand/or also appear frequently in other contédpresented
by larger boxes for b and,dhenthe verb and VAC are less strongly associaidils
inconsistency may arise froanlow frequency-VAC pair, which may decrease likelihood of it
being noticed and, if noticed, may not provide sufficient datageociations to be formeal;
confusion about the association caused by imgidences of the verb in other

Figure5

Low-consistency WAC Pairs

a. + verb + VAC
b. + verb-VAC

c.-verb + VAC

d.-verb- VAC
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Usingall or some othese proportionsf verb-VAC pairs, strengthof associatiofSOA)
has been operationalizeddifferentways, includingDeltaP, Faith,andCollexeme strength
Thesearedefined andliscussed in detail in the methods section of the first stdee, | focus
on researclhat has relied on them to stuldynguageacquisitionand development
Research on language learners indicates that in geaiettad, group and individual level,
acquisition of a&/AC construction does start withWAC pairs that are strongly associatet
high in frequencyEllis & FerreiraJunior, 2009b, 2009al\cross proficiency levelKyle 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 verbsnay be more specialized and so ufitely have high strength of association
with particular VACs
However the theorizegbrogressiorirom prototypicahigh-frequencyandhigh-SOA
VAC pairs to more schematized constructiamsy alsobe influenced by a number of factors
such as
1 Genericness of the vertwith learners selecting more generic verbs over less generic ones
(Ellis & FerreiraJunior, 2009a)
1 L1, with learners from languages with differéypologiesshowing different patterns in
verb selectiofRomer et al., 2014)
1 Instructed learning, which may skew the input distributi&ibs, 2002a, 202b)
1 Learnerspecific factorgEllis, 2002b)
While the main focus in usadmsed studies has been on VAC constructions and the verbs
that fill them, a similar approach has been applied to ph@gieal construction<llis and

FerreiraJunior (2009bextendecEllis andFerreiraJunior (2009ajo includeother islands in the
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constructions under studgpecifically, the islands listed were analyzed for eatkhe following
VACs:

1 VL: subject, prepositiong(g.,in, on, under), locativee(g.,the table, the book)

1 VOL: subject, object, preposition, locative

1 VOO: subject, objectl, object2

For the | earners in this study, Aunl i ke for
VAC, there is no single pathbreaker that initially takes over each of the other islands ofGhe VA
e X ¢ | u ¢Hllis &HeryedaJunior, 2009b, p. 211Yhere is high overlapetween 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 freqryeand frequency distribution effects.

More recentlyPaquot (2019%nalyzelp hr aseol ogi cal -oocariings, whi ch
words that appear in specific constructions?o
index PMI measures thprobability of words occurringpgether vs independentlifor example,
the phrasesevere weathewindy weatherstormy weatheall have high PMbecause they are
more likely to appear as a pair theaich word is to appear separately the other hand, the
phraseold weatherandhot weathelarehigh frequency pairs withveathero ut dondét have
PMI becauseold andhotare likely to occur in other contexfBhis study found that adverbial
modifiers, which were not associated with specific domaiissinguished between CERRhe
CEFR Levelsn.d.)B2 and C1 levelswhile direct object modifiers, which were more specific to
certain domains, distinguished betwele@ more advanced C1 and C2 groups (pp-7)36

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 aceggiibs in VACs although
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that maybe mitigatel by generality, centrality, and specificiBeyond the W AC construction,
less work has been done and overall appears to have weaker distributional patterns, which raises
the questions of how these island categories enargelevelop
Figure 6is a classic illustratiofrom Ellis andFerreiraJunior(2009b)thatvisualizes how
a construction maymeerge from input

Figure6

Representation of Construction Emerge(tekis & Ferreira-Junior, 2009b, p. 194)

1. Put it on the table Put it on the table

2. Put it on the table Put it on the table >

3. Put it on the table Put it on the table }

4. Put it on the desk Put it on the dabke 5 .
5. Put it in the bag Put it én the babke o . ..
6. Put it on the bed Put it on the Helke

7. Put it in the trash  Put it on the Helke

8. Put it in the fridge Put it on the Ballibe ;

9. Set it on the table Bat it on the Belilige ' 1t L

10. Run it at the road Rab it on the Belillge

11. Get me on the way Bat ot on the Heflibe volL

12. Let me at the ball Bab m¢ en the Hellige

Figure 4. A schematic for the acquisition sequence of the VOL construction. Cumula-
tive experience of VOL exemplars leads to entrenchment. A high frequency prototype
VOL seeds the VAC as a formulaic phrase. Experience of other VOLs with high frequency
prototypical occupants of the different islands leads to generalization of the schema, with
the different slots becoming progressively defined as attractors.

Figure 6illustrates how theognitive systenmight developfrom a prototype(in this case
put it on thetable) into a schematizedonstruction(or verb-objectlocativeconstruction)with
increased and varied inpudowever Figure 6illustrates the development of only oAC. In
reality, learners acquire multip\éACs simultaneously andit the saméme, acquire
constructions at different leve{shorphological, lexical, phrasalj\s arelatively straightforward
example, firstyear Chinese learners in an undergraduate program are expected to learn about 10
main VACs over the course of a year. One wiarpect 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 morphologicalexical,andphrasal 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 oflesical items within both phrases and clausa$ an
phrases within clauseahd theras an overlapin the lexical and phraseological constructions
acrossvVACs (i.e., a noun phrase likéhe teachecould 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 line&rthesanteractions and

processes that tteecond part of this dissertation explogzecifically; it asks

ResearchQuestions 45
4. How do overlapping and embedded lexical, phrasal, and clausal constructions emerge

and progress in early learners of Mandarin?
5. How do processes sthematizatiomnfold in development across different levels of

constructions?

Dynamic Systems
Theprocess of language developmdascribed above (even for a relatively
straightforward lowlevel learner in an instructed/controlled environmemtets the criteria of a
complex dynamic system in thafist
1 A system: It is a group of components that affect, change, or impact eachrutteae
nested in hierarchical structur@aspi, 2010; van Geert, 20080D).
1 Complex: It has many parts and complex rules for how they change over time (Rickles et
al., 2007)
1 Dynamic: The components in the system chaagd those changes result in change in
the overall system. These changes are not necessarily lindkamwwor changes at one
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level potentially resulting in overhaul of the entire systantonverselymajor changes
at one level potentially having only a nominal effect on the whole sy&agys &
Briggs, 1989; Caspi, 2010; de Bot et al., 2013; Ellis, 2011; Lefseaman & Cameron,
2008; vanGeert, 2008, 2009)

Because language development meets these criteria, in the second part of this dissertation,
| treat language development as a complex dynamic process and turn to methodologies used to
analyze complex systems. Because of that,tiirsvide an overview afomplex dynamic
systems theor{CDST), then discuss the compatibility between usbgsedheoryandCDST as
well asa combined Dynamic Usagmsed approach. After that, | discuss methods that have been
used to study language development froBD&ST approach as well as Network Science, which |
propose aaframework for theesearch questiomsoposed

ComplexDynamic §stems Theory is an umbrella term for approaches to understanding
the processes of change in systems over (fitheer & Al-Hoorie, 2019; Larsefrreeman &

Cameron, Q08; Rickles et al., 2007yVith roots in mechanics, biology, meteorology, public
health, and economic€DST has been used to model, explain, and to some degree predict

behaviors of systems comprised of interacting parts.

Features and Functioningof the Dynamic System:
Processes of change are the focus of stu@DiST, so here, | look first at how the

language system is conceptualized to evolve over @D&T assumes that all aspects of the

system and its subsystems are connected and interaciawitlother. 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 languagstem exists in a higtimensional space. Components

that interact more and make up ssystems are closer than others, while others are more distant.
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In addition,language andognitionarenot isolated in the mind dhe learner, but closely
connectedaind are also connectedttee environment and contellis, 2011; van Geert &
Verspoor, 2014)

The CDST conceptualization of the language system, then, is envisioned as a high
dimensional space called a stafmce, with each component of language falling at a certain
point on its dimension at a given time. Change in the system is adiménsionatrajectory
made up of a series of these states at sequential points ifvim&eert, 2008, 2009\lthough
these dimensions are, in theory, infinite, language can likely be represented by relatively few
(but still many) variables, which are thetically motivated or empirically shown to be critical to
the systenfvan Geert, 2009Even so, it is unrealistic to map out the entire language system

over time, and so specific siglystems are gemnally selected for analysis.

Stability and Change in &®ynamic 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, elepment cannot really happen
without some disruptiofvan Geert & Verspoor, 2014Conceptually, the way that this happens
is that the language system has an existing or initial $tedelult learnersfor examplethis
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 #etror nortargetlike 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 learnstill 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 sophisticatelhnguage is usedpmetimest is not In time, the more sopéticated 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 stdakeut 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 fo@B3F-oriented studies of
second laguage development.

This tendency of the dynamic system to move toward equilibrium is caléd
organization The system restructures in order to adajgind accommodateew information.
This selforganization 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 whegyt have heard or read. Self
organization leads to the emergence of lang(eger & Al-Hoorie, 2019)

Change in a system occurs according to the evolution rule(s) of the sistanguage
development, there are probably maules for different levelémorphology, pragmatics, ejc
and at different proficiency levels. One very genauld is that the following state depends
directly on the previous stafean Geert & Verspoor, 2014An 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 sydtaetiike the components
of the system, some will be more central and have a more direct impaetottels 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. Finallihere are perturbations, or external obstacles that
disrupt the trajectorgvan 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 addition&devolution 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 incrediblyidifft 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, 2008 ditionally, the same emergent property can be
generated in different ways abdarrived at via different trajectori¢Rickles et al., 2007)

Because of this, the focus @GDST has generally been on explanation, not predidii@mnsen
Freeman & Cameron, 2008ystems can be deterministic (future and past states can be
predicted based on the current stagejnideterministic (future, but not past states can be
determined from the present stat@)undeterministic (neither past nor future can be predicted)
(Rickles et al., 2007Prediction of developmental trajectories does not seem to have been a
major focus of LAZDSTresearchand it seems that the predictability of language development
is an open empirical question. In other fields, like metmgy,which have made use @DST,
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, wknow hurricanesire likely to happen idunebut very unlikely in
DecemberSimilarly, with enough data, we mawentually be able to make specific predictions

about the next few steps a learner is likely talgoughandbetter understanghat to expecat
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different points in developmefBriggs & 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 growefgan Geert, 2008exicon and syntax are@mmonly cited example). As
alluded to above, cognitive resources in the language system are,|snitbdse connected
growers may maximize the use of resources by growing in tandem. But they may also compete
with each other for the limited resourceswihich case one decreases while the other increases
and this relationship can change over the course of developmeranAzeer{2009)points out,
these relationships can be syetnical and supportive, symmetrical and competitive (in which
each supports or competes with the other equally)sygomrmetrical 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 otstartcan

Change in the system may occur on both stesrh and longerm timescales. These may
range from milliseconds to yedlisarserFreeman & Cameron, 2008; van Geert, 2008gre
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 tgewleek, or month levetje 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,atd all of these can also change

over time (although some aspects of language learnkaga$isociations, 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 systemss there

another sublield of CDSTthat may be of relevance: Chaos systéRiskles et al., 2007) A T h e
key difference between chaotic systems and complex osethkeefore, in the number of

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

whol e. é Compl ex uwisinawamnthat chaotc systenns are eot) involving
i nstead, i nt er a@emnphasisninsorigna;tRickées et al. L200i7,1p.985)
These two types of systems are not mutually

necessanl complex and complex systems are not necessarily chaotic (although they can be for
some value of t he v a(Riclkdesétals20@rp. 984 complex!| par ame
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 théssubuni

and fAeverything de gRcklesstalg2007epy BHAYtHishpoint theree | s e 0

are heightned connections between all aspects of the system/subsyatenne

interconnectiomesults in qualitative phase shifts or change in the qualities of the system. For
example, when a magnet is heated, the strength of the ntagdatllyweakers, kut at a critical

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

In physiology, chaos is an indicator of good healthereas steady states are typical of
ilinesses like heart disease and epileftsseems that some degree of chaos may be beneficial to
language development as wélbwie et al. (2014¥iscuss this in termaf noise, or variability in
the data: Brown noise is overly regular and white noise is overly random. Pink noise is the

criticald and idead point between rigid order and complete chaos. That study examined the
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degree of noise in word production tagk®ne 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 sam@nd around the pink noise level).

It is also feasible to think that in cognition, as in physiology, this-deaos state of high
connectivity may play a role in language development by allowing enough connection between
various parts of the system tiboav for new connections to be formed and reorganized in

different ways that lead to development.

Usagebased andCDST Connections
CDST approaches to the study of language learning are directly related to and highly

compatible with usagbased approachélsangacker, 199; van Geert, 2008; van Geert &

Verspoor, 2014; Verspoor & Behrens, 201Typically, the focus o€DST has been on

processes of changehile usagebased approaches have focused on environmental,
psychological, and biological reasons for that chgmge Geert & Verspoor, 2014owever,

since the changes that happeerathe 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, |
first highlight points of intersection between usdgsedheoryandCDSTand then describe
Langackes (1999 Dynamic Usagdased Md e | ( D U B }basedinsodelwsttadgnamic
processingo (p 116) .

Overlap betweeDSTand UB Approaches
General points of overlap betwe€DSTand UB approaches include emergence,

iteration, norlinearity, hierarchical structures, and rules for develogmerboth usagéased

theories andDST, the development of linguistic knowledge is considered to be a bofom
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process of emergence from the interaction of a highly complex environment (society/linguistic
input/interactior) and human cognition. As evideed 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 emerg€i28T, on the other
hand, has focused on processes of change that lead to emergence, particularly individual
variability leading to highelevel abilities, as well as relationships between diffecenstructs
of the language system. A few attempts have beaenminclude features of the target
language (input) into dynamic system research,(éayspoor et al.'s, 2008 study that included
words from the academic word li@poelman & Verspoor, 2010 who loosely tied the normal
number of case markings in the target language to learner produbtibthere is no reason that
this could not be expanded updnkey teret of CDSTis that development is based on tjraed
while many UB studies have used longitudinal d&lhs & FerreiraJunior, 2009b, 2009a)
others did nofKyle & Crossley, 2017; Paquot, 2019; Romer et al., 201hile the latter do
not strictly fall undercomplexdynamic systems studies, they may inform studiestékata
complexdynamic systems approach.

Related to emergence, ba@dSTand UBapproaches 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 associati@i3STh
approaches, iterian 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 langutge sy 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 Simean While from a
macro levelview, development may appear to be lineardbeser data used @DST
approaches shows that it is full of jumps, plateaus, and regression. Irbasagleapproaches,
emergence of language happens in relation to a complex and changing environment with many
factors that influence the rate of developinen

The way that knowledge is structured in hierarchical ways is also very sim@&3m
and UB approaches. TI@®DSTapproach allows for subsystems to be embedded in Highelr
subsystems indefinitely. This is parallel to the UB conceptualizatiomgtilge knowledge as
Aa continuum of different | evels of complexit
concrete and particular items (as words and idioms), more abstract classes of items (as in word
classes and abstract constructions) or complebatations of concrete and abstract pieces of
language (as mixed constructiogs) and t hese constructions may b
in and stored in multipl e (Elbsy201d,p.6586)n additionj ous |
more specific schemas can be embedded within broader scfieangacker, 199%nd
different levels of construction (lexical, phrasal, clausal) are also embedded within each other
(Goldberg, 1995)

While both allow for specific eslutionary rules and parameters of development, this is
much more developed in UfReorythan inCDST. CDSTdoes theorize that a system has
evolutionary rulesandfocuses on patterns of variability relationshipto new states the
system but noton the cognitive processes that might lead to variabilitystatgchangeor on
aspects of the input languad#B approaches, on the other hand, have defined cognitive
processes as rules and parameters for language development. And input could barseen as

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 includethe systemwith different rules operating at different

levels with differing degrees of specificity.

Dynamic Usa@e-basedTheory
Many aspects ac€DSTand 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 studyingesses of development. As
Langacker(1999)pointsoutionce a speaker | earns to make a
object argument in a finite clause and a nominal in the clause containing it (say a relative clause),

it might subsequently be easiemtake an analogous correspondence in another type of

construction (e.gi n ¢ | ¢Langackery)999, p. 121 angacker's (1999)ynamic Usage

based Model (DUB), which situates usdipsed theories in a dynamic framework vinles a

theoretical framework for how this might work.

For the purposes of processing, the dynami c
the final analysis, linguistic structures and relationships reside in cognitive processing, identified
asneurb o gi c al (Laagadker,\1999, ppo 9%87). An experience with language is
assocated with a particular point in the staggace (or will follow a similar trajectoryand to
the extenthatexperiences are similar, they will have neighboring neurological activation
patterns (or parallel trajectories) in the stgpace. Activating onef 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 extractiarsafiema with its instantiations
(this schema is an adictor). Categorization,thens A da pbhywr&n attractor . N
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 bechmpeatth, 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 bloekdahm 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 corst®ns and overlap between the t@@angacker, 1999,

pp. 9598). Importantly, expansion of the categories (outward gnpwiduces upward growth by

extracting higher level schemas (attractors).

Analytical Approach
One difficulty with this dynamic usageased conceptualization of language development

is how to analyzeo many factorandtheir relationship tgrowth over tmeat the individual

level. The main focusf UB theoryhas beemn the relationshipetween verband VAGs or, to

a lesser degree, betwewnords and phrase This limits the analysis to single constructions and
doesndt consider t he oV dexidalatgmsphragesaadiVACs@anb e d de d
example). The methods employed®®ST are generally movingverage plots, which trace the
development obnly one feature (and sometimes changepoint analysis to identify significant
points of changee.g, Baba & Nitta, 2014; Polat & Kim, 2014; Spoelman & Verspoor, 2010;
Verspoor et al., 2008PtherCDSTresearch has made usflemoving correlations and related
measurege.g. Spoelman & Verspoa2010; Verspoor et al., 2008yhich capture bdirectional
relationships between different components of a systgmatkina et al(2015)useal hierarchical
modeling to analyze change in seven features of the German modification system, but
hierarchical modsal still require looking at each feature individually and do not account for their
interaction.Other research from aliST approachas reliel on case studidge better understand

learner progressior(&skildsen, 2015; Lesonen et al., 2020)
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While these approaches hded to groundbreaking discoveries in the study of second
language developmerthey do not allow for thanalysis othe kinds ofinteractionswithin and
across different levels of constructions that wersed in my research questiolsorder to
conduct a relatively holistic analysis of processes of schematization in longitudinal data, | turn to
Network Science, whitwas designed and developed for the analysis of cordgleamic
systemgBarabasi, 2015Below, | provide an overview of Network Science and its use in the
study of languageSpecific indices used for my study are described in detail in the Methods

section of the second part of the dissertation.

Network ScienceComplexDynamic SystemsandLanguage Learning
Network science has been used in a wide variety of fields from epidemiology to sociology,

and in those field& has led to unique solutions to lestanding problem&insley et al., 2020;
Siew ¢ al., 2019; Vitevitch & Castro, 2019)letwork sciencés anapproach to understanding
complex systems and the processes through whichetheygeandhas been used in child
language acquisitiorin second language acquisitibas been applied tsemantic networks

(Ellis et al., 2016)Network sciencés based on graph theoand specificallyon the naturand
topologyof networks the relationships and subsystems witiétworks their emergent

properties, antheirinherent limitations. To do this, each item in a network is represented as a
node and the relationshifphas with other nodes igpresented by a line, or edge, linking the
nodes. Attributes may be associated with both nodes and, edtjeslines that link themFor
examplein a language network, the lexical items could be treated as nodes while the links are
determined by thexéstence of a syntactic relationship. A node attribute, then, might be the

| e x i c apart af gpeeafderd, noun, prep, edewhile a link attribute might be the
dependency relations such as subject, object, etc. From this network representatios, vario

guantitative values at thmacro (fullnetwork), meso §ub-systens), andmicro (exical leve) 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 tini@escribed in Method§ hapter 3.

One line of research in network science tab@selinerandom networks and compares
themtoreawor | d networks to analyze different prop
absent in random networks, itajmrepresent some signature of order, requiring a deeper
e X p | a nBatalhasi,2@l5, Chapter 3.1Qther research in network science focuses on
universal properties of networks, across a wide variety ofwedt systems, from social
connections to webpages. For example, as Barabasi points out, unlike random networks, most
realworld networks have a smallorld property, meaning that despite having a large number of
nodes and connections, each node can be reached by a relativelyaghainpilar to the six
degrees of separation concept. Additionally, mostweald networks have scafece degree
distributions, meaning that there are a few nodes with an exponentially large number of degrees
while most nodes have very few, leadindhe formation of network hubs.

Linguistics studies related to syntax using network science have foougduether the
emergence of syntax might be due to the stwalld and/or scaldree nature of networks. While
the research is not definitive, it seethat these features may be a precondition for the
emergence of syntax, but do not fully explai(dech et al., 2015)n general terms, these were
done by using words to build random, snvadirld, and scaldree networks in various ways,
then testing the networks against each other and networks basedwortdalorpora.

While Network Sciencénas not been widely used in the studgefondanguage
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] not only to model and interpret real systems

from a global point of view but adsto 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 {foeds®t al.,

2015, p. 185)

The use of network science in language acquisition seerasus 6n child L1 language
acquisition Ke andYao (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
yea. 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 additionaledision 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 oflstiales
increasingly more similar to thehild-directed language of the mothers. In this study, the links
between words were determined by word order, not syntactic relatiohshiidition to this,
also looking at child L1 acquisitioiinio (2006)found that children tapped into the linguistic
network of their surroundindsut did not emulate it. In fadisom very early stagesf learning
theyadapedand manipulad the language® suit their own needs.

CorominasMurtra et al (2009)analyzed realvorld development of child language to
build a computegenerated model using clustering coefficient and average path leragth as

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
realworld network change over time, it could not repiecathers.

While these studies hawaldressedery different research questions daklen different
approachegogether, they indicate that the use of Network Science to analyze learner language
and cognition more broadly can lead to usedsults. Theoretically, network science is also
designed to quantitatively analyze complex dynamic systenasthe framework includes a
variety of indices that can account for growth within and interactions between different aspects
of the linguistic sysm in a more holistic way than commonly used approaches irChST

and UB paradigmsThis leads to the final research question of this dissertation:

Literature Reviewand Research Questions Summary

In light of new development® our understanding @ghe construct ofomplexity, this
study analyzes the validity of usalgased and general indices of complexity in L2 Mandarin
writing, which had not yet been establishezplicating(Kyle & Crossley, 2017)Then with
empirical evidence of the validity of usagased approaches to studying complexity in
Mandarin, the second part of the dissertations to the question of hogomplexity emergeat

the early stages of learninigking a dynamic usagesed approadnd usinghetwork science

Specifically,Part 1 asks

1. Which usagébased indices explain variance in the writing scores of learners of
Mandarin across levels and which showtioear trajectories?

2. Which traditionally used indices explain variance inwiing scores of learners of
Mandarin across levels and which showtioear 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. Assessingsenerd and UsagebasedIndices of L2
Mandarin Writing

As discussed in the literature reviagere has been a shiffit the conceptualization of
complexity as a construct from objective indices based on learner writing to indices bésed on
frequency and distrution of features in the target langualyeEnglish, usagbased indices
have been found to be better predictor$ OEFL proficiencyscoreghan general indicegKyle
& Crossley, 2017)althowgh it is important to note thétis study looked atlatively advanced
learners This first part of the studgxtendghat workto L2 Mandarin writing.Part 1directly
influences the second part of the study becaudentifies which types of indieawould be most

productive to focus on when analyzing language development.

Methods

Corpora
Two corpora were used for this study: A learner corpus and a-tanggtage 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) thawvascollected between 2003 and 2005. As suche#isaysind scores are
based on a previous version of the HSK, which is divided into beginner (lex®|dritermediate
(levels 34), and advanced (levels®. Only intermediate and higrtest takersre expected to

write Chinese characters on this j@esid scessaysepresent intermediate and advanced levels
(levels 36). Each level is further subdivided into high, medium, and low, resulting in 12 possible
levels for this datase®cores are assigned by the testing organizationpoibt increments from
40to 95, one increment for each of the 12 levels (Wang & Hu, 2024iadata includes reading,
writing, listening, and speaking proficiency scores, overall proficiency scores, as\viadtest

t a k eoundrysof originand topic of the written essayata from 38 test takers who came from

Englishspeaking countries wasitially selected for this project as a loose approximation of

50



likely first or dominant language, since L1 metadata is not incluetadt. of these tests were

givenscores of zear, which fell outside of the expected range. They were remé&wgare7

below providesn overview of how many tests were used at each level, as well as the

distribution of different topics at each level.

Figure7

HSK Corpus Disibution by Score and Topic
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The HSK test is intended to be a general test of language proficiencyraotd

specifically focused on academic langudgearners sele the level that they think they will be

able to pass basedhd therpass or fail that leveln all, 26 different prompts are represented in

this data, and there is a mixomptsused at each lelid=igure7 alsoshowsthe prompts for

each level
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A targetlanguage reference corpus was used to establish strength of association, attested,
and frequency indices (described in more detail below) of geparpbse Chinese written texts.
Because the HSK test is a gengraipose test (not specifically faged on academic language),
the targefanguage use domain was defined as gemengdose, noftechnical 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 uggeiface 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
organizaions 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 gantaralst written language as
possible. The total corpus is about 30 million words, consisting of 74,358 texts and was collected
in 20192020. Figure3 indicates the distribution of texts that fell under each section of news,

which is representative of the dibution in the target language use domain.
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Figure8

Number of Files by News Section in the Reference Corpus
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Indices
In all, 25 indices that fall into four categories were included in this study, as outlined in

Figure9. These are described in detail below.
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Figure9

Indices included by type
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Usagebased indices are based on verbs, VACs, andWAD 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 anditslidifect
grammatical dependentBhis means thaisagebased indices incorporate topics (and by
extension other features of Mandarin syntax).

Strength of association, frequency, and attested indices are based on tHangtgete
reference corpus. @ingth of association indices indicate the likelihood of a giventeeabpear
in a given VAC or, conversely, of a VAC being filled by a given verb in the tdagguage
corpus. For a given vetdAC pair (A in Table 1), all other verlWAC pairs in the cpus fall

into categories B, C, or D, described in Table 1.
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Tablel

Possible VerbVAC Categories

A | +V+VAC Frequency of a given vetdAC pair

B |+V-VAC Frequency of the V with a different VAC

C |-V+VAC Frequency of th& AC with a different V

D |-V-VAC Frequency of pairs having a different V and different VAC

category outlined in Table 1 can be tallied and the frequeantkselativgproportionof A, B, C,

and/or D are used to operationalize strength of association according to different equations.

likelihood of the verb is predicted given the €Ar the likelihood of the VAC is predicted given

As described in the literature revievor every verbVAC pair, the frequency of each

Of the equations used in this study, Faith and Delta P are directional, meaning that the

the verb. Approximate collexeme, on the other hand, isdirdctional indicator of the verb

VAC pair occurring together.

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 v&#C pair, and so only A and B are used. When the
construction is given, it is the percent of totatamses 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

Faith is simply the percentage of the given item that appears in a specifi¢ A€rpair

numbers closer to 1 indicating stronger strength of association.

the given item occurring in the veAC pair and the probability that the ngiven item occurs
without the given item. This considers all four possible categories described in Table 1 and

ranges froml to +1. Posive numbers indicate an association while negative numbers indicate

Delta P, or change in probability, is the differerfor change) between the probability of
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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 totakmimbe
verb-VAC pairs in the corpus and the possibility that high use of theghamn item in other

contexts could weaken the strength of associafidirief overviewis provided in Table 2.
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Table2

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
verb-VAC pair. This can be treated as the probabil
of the verboccurring in the vedYAC pair

Faith, given A/A+C Percent of total instances of the VAC that occur a

VAC the verbVAC pair. This can be treated as the
probability of the VAC occurring in the vetbAC
pair.

Delta P, given V| A/A+B - C/C+D Change in probality between the verb occurring in
a verbVAC pair and the probability of the VAC
occurring without the verb.

Delta P, given | A/A+C - B/B+D Change in probability between the VAC occurring

VAC a verbVAC pair and the probability of the verb
occurring wthout the VAC.

Apx Collexeme | (A/A+B - Joint probability of the verb and VAC occurring

C/C+D)*verb_freq

together (Delta P given V times verb fuegcy

In addition to strength of associatioredquency is another usagjased index used in this

study. Therequency of each verb, VAC and vevAC pair in the target language corpus was

tallied and ranged from one to tens of thousamts was used to average trexb, VAC, and

verb-VAC pair frequencyin the learner test Finally, the percent of verbs, VACs and varBC

pairs used by the learner that were also attested in the target corpus was used.
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For frequency andtrength of association indigasken (total number of instances of a
verb, VAC, or verbVAC pair) and typgunique verbs, VACs, or vefYdAC pairs)were both
consideredAttested items were only basedward types

The usagdased indices described above were compared with traditionally used
complexity indices. Unlike the usagpased indices, these do not retythe 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 follbang's (2013jlefinition of T-unit for Mandarin:

1]

a single main clause that contains one indep
or nonclauses are attached to, or embedded within, that onecmaia (J&amy 02013, p. 5)

MLTU and T-units per sentence (TU/S) were both includealowing the recommendations of
NorrisandOrtega (2006)indices of clausal subordination and phrasal elaboration were also

included. Subordination was operatibpad as the number of dependent clauses per clause

(DCI/C); phrasal elaboration was operationalized as mean length of clause (LC).

consistency wh other work on Mandarifgin , 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 tamgiage corpus and learner corpus. The
Tool for the Automatednalysisof Syntactic Sophistication and Comxylly (TAASSC; Kyle,
2016)is an automatedyatactic analysis tool written in Pythgwan Rossum, 2018hat was

developed to process theitten texts of learners of English. It measures indices of syntactic
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complexity and finegrained indices of phrasal and clausal complexity, as well as-bsage
indices such as strength of association and frequency.

For the present project, the parflé&§ASSC that handles usagpased and general indices
of syntactic complexity was adapted to process Mandarin syntax. This version of TAASSC uses
StanfordCoreNLRManning et al., 2014p tokenize, PO$ag, and dependency parse both
corpora.The code usedf this analysiss publicly available at thisnk
(https://osf.io/p8vac/?view_only=99fd94865aff4ba5b49b56ed7a4()1Béeause this tool was
trained on nativeisers of Mandarint was not clear how accurate it would be for language
learners. To check this, 10 sentencesHf&K level (120 sentences &} were randomly selected
andchecked Accuracy was found to be on par with that for naipeaker data. Specifically,
tokenization accuracy was found to be 98%, R&f§jing accuracy was found to be 94%9%0,
and dependency parsing accuracy was foune ®890%.For the reference corpus, the verb
VAC constructions were identified and frequencies of each verb, VAGyerhd/AC pair as
well as the category frequencies (A, B, C, and D in Table 1) were tallied fovede¥AC pair.
From that frequency lisFaith, Delta P and approximate collexeme strength of association
indices were calculated. This resulted in a database that listed eachwerguW@&C pair and all
of its related usagbased indices.

Once the reference corpus database was creatddather corpus was similarly
tokenized, POSagged, and dependency parsetw the verbs, VACs, and vetAC pairs used
by each learner were identified. From this, the average score of eactbhasagendex was
calculated using the reference corpus datalaamd the average of each of the general indices was

also calculated. This resulted in a spreadsheet of all 25 indices for each learner text.
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StatisticalAnalysis
The R code used for statistical analysis can be found dirtkis

(https://osf.io/p8vac/?view_only=99fd94865aff4ba5b49b56ed7a4()151e
The goal of this study is to identify wdin of the usagéased and general indices explain
variance in | earnersdé writing production, if
scores, and the extent to whitie variancethateach type of index explains is unique. In order to
dothis, the usagbased and general indices are first modeled independently using multiple
regression. Both linear and secemrdier polynomial models for each type are considered.
Finally, indices found to be effective predictors of writing score are cadbirio 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 dsasgd indices and a final combined
model. All statistical analysis was done iflRCore Team, 2014Higher order polynomials
(3+) were also testdaut 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. Modelselection: For each model with nsignificant indices, the index with the
lowest Fvalue was eliminated and the model wasue 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 certaintextsmight be outliers and the appropriateness of retaining or eliminating
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5.

them. Because the goal of the study is to identify general trends in thardita,
because the highly influential cases unduly influence trendlines, they were removed.

Check assumptions fiweteroskedasticitynormality and VIF

Polynomial Models:

1.

4.

5.

All indices were retained regardless of cortielato writing score since correlation is
linear and does not reflect ndinear relationships.

Multicollinear indices (r > |0.8|) were still removed since they indicate overlapping
variables.

Modelselection: same as above.

Remove highly influential css. Same as above.

Check assumptions fiweteroskedasticitynormality and VIE

Model comparison: Where there were meaningful linear and polynomial models, the total

adjusted variance explained (adjusted R2) was tesddtermine which model performed better;

the models were compared using ANOVA to determine if this difference was significant.

After the significant usagbased and general indices were identified separately using the

procedures described above, theyaneombined 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 linea and polynomial), multicollinearity was checked and found to beaexistent, the

same model selection process was followed, influential cases were re@mogdessumptions

were then checked. Finally, the combined model was compared to thebasageandeneral

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 explaingGk8mping, 2006points 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 beeansmultiple 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 variaadicijonally, using the
total individ u a | R2 of an index inflates an indexo6s r
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 variableslaiimpo
packaggGromping, 2006)n R wasused 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 associatistores limited to decimabetween |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 index6és own u
models was significant, imchting noAnormally 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 ngrimalit
large data set&\s mentioned abae, of the 38 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 higherscoring texts. These were removed, resultinghtdxts used in the final analysis.

62



For this study, wac pairs with frequency lower than three were eliminated, which primarily

removed items that included foreign words.

Results andPreliminary Discussion

UsagebasedModel
In all, 19 indices were congded for this model, including 10 strength of association

indices, six frequencindices and t hree related to whether 't he
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 modalll details of which indices were eliminated are
availablehere

https://onedrive.live.com/edit.aspx?resid=2BC21CBB20A0421C!472383&ithint=file%2cxIsx&a

uthkey=!ADhu7rPAIQKQsbhoThe 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
beause 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 rhadeprovided in Table 3.
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Table3

Relative Indices Model Summary

Img Estimate Std. Error tvalue 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 vergonst freq x type  0.011 -0.094 0.051 -1.835 0.067
average Faith given verb x typr 0.025 0.177 0.051 3.440 0.001
average Faith given const x tyy 0.015 0.186 0.059 3.156 0.002
% verb attested 0.034 -0.162 0.044  -3.648 <0.001

Adjusted Rsquared: 0.2439;-Btatistic: 26.16 on 5 and 385 DF;value: < 2.2€16

The polynomial model for usagmsed indices was also tested, and nine indices were
again removed due to high multicollinearity, leaving 10 indices in the model. In & mo
selection process, none of the seconder polynomials were significant and so were eliminated.
This resulted in gecondinear model but one with different indices than the linear model
reported in Table 3. Because the polynomials were eliminatechmparison of the two
different linear models was conducted; rather the model that was arrived at in the standard way
(Table 3) isretained

This model addresses the questions raised in the first research question: Which usage
based very/AC indices explain variance in the writing scores of learners of Mandarin across
levels and which show ndmear trajectories? In short, four of the uségsed indices listed in
Table 3 significantly help to explain variance in writing score linearly over dimdean
additional index approaches significance: two were related to frequency, two to SOA, and one to

percent attested. No significant nlbmearity was found in any of the usabased indices.
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The two indices related to frequency decreased with writtioge, 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, learnetsaoxetclesely
reflected the distribution fond 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, learaers
typically beenexposed to avider variety of registers and may have been using features of
registers not represented by tfeneral languageorpusused in this studyFuture research could
explore the relationship between register and proficiemtetter understand how register
variation (appropriately and inappropriately applied) may impact proficiency level.

In this data, both the amount of variance explaineddmh 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 onesD increase in viting 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 eveBDoimerease in writig
score. Thigs generallyconsistent withthe results oKyle andCrossley(2017) which found that

strength of associatiqin that dataPelta B was the strongest predictor of proficiency

GeneralModel
Six indices were considered for the general model. In the Imedel, 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 witywas eliminated are availabteere This model
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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 senterwas the best linear predictor of writing score.

Table4

General Linear Indices Model Summary

Lmg Estimate Std. Error tvalue Pr(>|t|)

(Intercept) 0.013 0.049 0.274 0.784

GEN_MLS .075 0.305 0.053 5.750 p<0.001

Adjusted Rsquared: 0.07598-gtatistic: 33.07 on 1 and 389 DF;value: 1.803€)8

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 praaedur
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 udmged model, the polynomials in this
model were significant.

Table5

General Indices Model Summary

Img Estimate Std. Error tvalue 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 Rsquared: 0.1048;-Btatistic: 12.41 on 4 and 386 DF;vplue: 1.656€9
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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 @ &bl

Table6
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 22925 8.712 <.001

This model addresses research question 2: Which traditionallyndiees explain
variance in the writing scores of learners of Mandarin across Jewelsvhich show nofinear
trajectories? Although a linear relationship was found between MLS and writing score, the
polynomial version better explains the data, whichmadhat 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 significalitiesmn
relationship with writing scorendicating 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 lie@ in Figure
10, we can see that MLS first increases by 4.431 units for everyruhacrease in writing
score and this increase was significant; however, at higher scores that reverses and as writing
scorecontinues to increase, it decreases by3uhits for every one@nit increase in writing
score. MLC (Figurdl0), on the other hand has a rsignificant change to a point, after which it

decreases significantly by 2.886 units for every-oni change in writing score. So, when
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looking at the wideange of writing scores represented in this data, these general indices are
inconsistent predictors across levels.

Figurel0
Predicted Values of MLS and MCL x Writing Score

General MLS x Writing Score
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In short, none of the general indices gned 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.

CombinedModel

Finally, in order to determine if these indices explain unique variance, the significant

predictors from the general and usd&gsed models were combined into a single model. Seven

indices were included: five usa@pased and two general. The same polynbar@er was used

that was found to be significant in the previous modeésults are shown in Table 7.

Table7

Combined Model Sumary

Img  Estimate Std. Error tvalue 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 Rsquared: 0.2987;-Btatistic: 21.76 on 8 and 382 DF;value: < 2.2€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 mioiddlesthan
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that of either the usag®ased 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
usagebased model (Table 8) and the general model (Tble

Table8

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

Table9

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 combinetimaadthe amount of
the variance explained by each individual model, or 24.39 (tsaggd) + 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 5.4&@etage points. This indicates that there is some
overlap between the indices. From Table 7, we see thatweadiruction pair frequency, which
approached significance in the above model, is no longer significant in this model and has been
eliminated, whth 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 importancesibenla

percentage point.

Discussion Part 1
This study has examined the linear and-hoear relationships between writing score and

general and usageased indices using corpus linguistic approaches, natural language processing,
and multiple linear ahpolynomial regression.

Overall, the usagbased 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. Th&y be because in Mandarin, many states of

being, liketall, cold, hot, etc. are expressed as unique verb&o be tall)  (to be cold), (to

be hot) while they would be expressed by a single copula in English and since this probably
increases thtotal amount of verbs, may also increase their importance in language learning.

In addition to explaining more variance in the data, the ubaged indices also predicted
writing score linearly over a wide range of levels. The nature of the two inciogsrobably
account for the linearity (or lack thereof). Usdgpessed indices account for the fact that language
progresses toward targleinguage norms, and does not become more elaborate indefinitely. In
that sense, they are bounded. General measurés 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 usagdased measurastiow steady progress toward targgtguage norms.

The findings of this study are algenerallyconsistent with whaktyle andCrossley
(2017)found in English learners. The usdggsed indices in that study were also found to be

better predictors of writing score théhe 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
probablydue to differences in methods, such as the use of a news corpus rather than an academic
one, or relatedlyto thefact that this learner corpus was not specifically focused on academic
languageThis overall consistency indicates that usbgseed indicebave validity across
typologically distinct languageprobably because they are based on the specific typological,
frequency, and distributional characteristics of the language

Another advantage of usapased indices is that the target language cadjsted 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 learnergféinence corpus could consist of
language appropriate to developmental level. This addresses an issue of validity r@igateby
et al.(2010) Using a generic promtot 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
promptstailored to each specific level may be more ecologically valid, but introduces variation
in writing due to topic, text type, and genre. In reality, nlastjuagerograms have specific,
stated learning outcomes for students at each, lendlso usagbasd indices provide a targeted
and ecologically valid way to measure student progress.

From this study, the benefits of usdmgesed indices appear to be their higher explanation
of variance in the data, linear progression over a wide range of levelsteangiacross two
typologically distinct languages, and potential for ecological validity. General indices, on the

other hand performed less well overatd this study raises some concerns about thieksty
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usedindices on L2 Mandarin. Primarily, the stacommonly 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 leastart, 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
elaboation, 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, itsalatdture
says little about what actually changes in learner writing &drdifit levels and, more
importantly, if what changes is consistent across proficiency levels. In that senseydylie
useful in predicting proficiency in certain levels of learners, but igémeral to provide much
useful information about changes yngactic 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-lvoear change at the sentence
and phrasal level. In contrast, the ushgeed measures provide specific and theoretically
predicted information about what changes over time.

The nonlinearity of both of tle 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 levelBossibly 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 ndimearly, as seen with the MLS resultstHfs 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 nelmearity, 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 sagebased ones, reflecting the distinction often made between sophistication
and textinternal complexity. Given that, it may be beneficial to look at-iebernal complexity

at a more fingrained level, focusing on specific structures that develojfataht stages. The

work of Jin  (2006), Wu (2016, 2018b, 2018a), and Yu (202@)s begun to do this by

looking attopic-comment structures and zero anaplaord has found that theyealsobetter
predictors of proficiency thageneral 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 unexplawagidncen the data. This is due
in part to the fact that writing ability cors$s of more than just lexiggammatical abilityKyle
& Crossley, 2017)In addition to that, register may also play a part in explaining variance in the
data. In this study, a single register (neimsludingreporting,editorialsand opinionin-depth
topics,commentary, politics, sports, food, book/movie/art revieis) 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 regiétererican Council on the Teaching

of Foreign Languages, 2012; ILR, n.dnd register variation researcashfound that different
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syntactic features are characteristic of different regi¢Bibger, 1988; Biber et al2004) 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 tbextent a learner can use a variety of different

register® an expansion along multiple directions.

Conclusions Part 1
This study has compared usdugesed indices to general ones and found that the-usage

based indices were better predictorpuficiency across a wide range of levels than general
indices for Mandarin learner data. Additional benefits to usaged indices includes their
linearity, crosdinguistic validity, and ecological validity. While the results of this study support
usagebased theories of language acquisition, they also highlight some interesting areas for
future research, specifically, identifying which figeained indices develop at different

proficiency levels, as well as using additional registers as benchmarles/éopment.
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Chapter 4. Using Network Science toAnalyze Development
Since the above analysis indicates that the ubagedapproaches are better predictors of

proficiency and explain more variance in the data than general indices, the second part of the
study takes a usagmsed approach to understanding lh@wvriting develops. As noted in the
literature review, one problem looking at thdongitudinaldevelopment 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 thesystem.The specific questions raised were:

4. How do overlapping and embedded lexical, phrasalcéndal constructions emerge

and developn early learners of Mandarin?
5. How do processes of schematization unfold in development across diféarelstof
constructionsn early learners of Mandarin

Because of the degree of complexity introduced by these factors, | turn to network science as a
way to capturelevelopmenacross embedded lexical, phrasal, and clausal structuties
macro (full néwork) levelfirst. Based on the results of that analysis in both longitudinal and
crosssectional datd, continue to explore the usefulness of network science in analyzing the
meso (clausal/phrasal structures), and milexical) levels in longitudinadlatg and finally
focus on how these emerge in relation to the target language.

A final research question addreskesv network sciencenight beusedfor future
researclon second language acquisition.

The network science framework includes many ways of analyzing netevadkchange
in networlks (Barabasi, 2015hat can be directly associated with the processes of language
development within the dynamic and usdgesed 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 describethe appropriate subsectiobslow with their
applications to languagmgnition Some have been used in cHddguage acquisition research
while others have not beeAll were selected because they have art#t@mal connection to
different aspects of language development.

This sectionconsists of three anags.Firstit explores macrdevel indicesaverage
betweenness, average degrees, assortativity by degrees, assortativity by betwaedness,
assortativityby group membershi@xplained below) ithe longitudinal development of two
learnersand thento get a more general sense of how these features develop oveilsimme
conducts a multiple regression of them in the same learner corpus (HSK) used in the first study.
Secondgto better understand developmental processes,-rmedanicrolevel indices of
community structurandhubsare used to explore tle@nergence oftructures and processes of
schematization within and across constructidisrd, development of these features is analyzed
in relation to the target language.

| first discuss methodhat apply to all three sectiorspecificallythe longitudinakorpus
develoged for this projectand network constructio he specific indices used atiscused

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 firstyear Chinese. Although they were in differenttgms of the class with different

teachers, all firsyear classes use the same textbook and fahevsame scheduéand syllabus
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Data was collecteftom the eight participantsver a 26week period, starting toward the
end of first semestef Chinese and continuing through thied of thesecond semester. Data was
collected in tweweek cycles: In thérst 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 the peers. Because of the level of the learners, only topics covered in the textbook were
used and the topics were deliberately presented in broad andeskad format.

Initially eight students signed up, and these were divided into two groups; however, two
students in one group did not participate regularlystading at Time %and at the remaining
studentsdé request) they wer e sty anlyith@sidmariest o
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 collectinggro genetidata: First, it is unlikely that a single topic
would be flexible enough to be appropriate for learners across tt&wkek period At the
beginning, it would probably be too difficult and at the end too easy; secondkélysthat at
such close interval 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 linguistiditgtbthird, it would be boring to have a
discussion on the same topic so often and would lileglgt toattrition. Because of these issues, |
chose ecologically valid topics (i,¢hose 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 uséd all casesthere was @ime lagbetween when the topic was

covered in the class and when it was used in this sty use of different topics is not unique
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to this study, but follow8yrnes et al. (2010; in pa@ndVyatkina et al. (2015who
acknowledge that topic may result in Aspikeso
those even out over timén that studythe writing samples were homework assignments from
the class the students were enrolled intliedporompts specifically required students to use
certain features. The prompisedin this study(See Appendixwere mwch more opetended.
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 topiobably
less of a problem becauearners wouldhot use them in other contexésd therefore they
would have less of a connection to thet of the linguistic system. This is discussed in detail in
the Results and Discussion sections.

Two learnersXinyi* and Yuxi*, from this corpus were selectedase studies because
theywere both L1 speakers of English with no other heritage languBg#sstudents
participated at all time poinendwere both in the same group for all time pointstiBreported
previous study ofanguages besides Chinese (Spanish, Korean, and Japanese), but only to very
low levels of proficiency. Both also reported havirigd tostudyMandarin for around a year
andsimilarly remaining at lowevelsof proficiency Although the nature of their@vious study
is uncleay both werein first year Chineseand sacan still be considerdaeginning learners of
Mandarin Despite the similarities between the two students, Xinyi produced nearly twice the

amount of language that Yuxi producdthis is detailed in Tabl&0 below.
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Table10

Details of Yuxi and Xinyi

Home Lang Tot Characters Ave Time

Xinyi*  English 1337 15:04

Yuxi*  English 637 11:58

*These ar@seudonymgnot the Chinese names students selected for themselves.

Building the Networks
Linguistic networks are typically formed with the dictionary words as nodes connected to

each othem some wayIn some studies, consecutive order is used to determine connections
because it makes no assumption that the learners have an existing grahstmatture, 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 Lland so dependengyammar is used as the basis of connections between
words. Dependency grammar connects head words, or govamthrsir dependentsor

example verbsheadsubjects or objects; nouhgsaddeterminers. Dependency grammar assumes
that there is no underlygntransformation in the grammar but that the relationships are direct
representations of the cognitive knowledge of the leddeMarneffe & Nivre, 2019)As an
example,intheset ence fAThe gi rl gives the boy a book,
the connections) can be identified as in Figurewlith the governing word on the left, type of
relationship(abbreviated)n capital letters irthe middle, the dependent word thee right and

the dependencyritten outin parentheses
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Figurell
Dependency Rel ationshi pso: AThe girl gives the

GivesNSUBJgirl (subject)

Girl-DET-the (determiner)

GivesDOBJ-boy (direct object)

Boy-DET-the (determiner)

GivesDOBJbook (direct object 2)

Book-DET-a (determiner)

These relationships would bepresenteth a networkas in Figure 2, with each lexical

item being represented as one node (so THE gets one node despite bemgltigledtimes)
and lirksrepresenting the nodgsonnection(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
notbe immediately obvious.

Figurel2

Network Representation of Dependency Relationships

Example Network
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StanfordCorBILP (Manning et al., 2014)as 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 tafigeiguage texts9 % for tokenization 91%for
POStagging, an@4%for dependency parsing). Because of thigpmatic annotationsere
manually correctedBecause the textbook language is produced and reviewed by native speakers
and can be assumed to be accurate, and because the parser hasitagl eates for that type
of language, it was not reviewed manually.

Once the dependencies were established, igapdrdi & Nepusz, 2006yas used to plot

the networksand extract the indices (described belawiR.

Macro-level Analysis
Methods

Macro-level Indices
Degreesmeasure 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 (unidaostances of éeaturg and tokensd]l instances oh featurs.

This distinction can also be made in the network science framewwarko d e 6s degr ees

(or connections to unique nodés)yan indication of how many unique wordssitised with, or

how schematized it i$n order to understand this at theeno level, we take the average number

of degrees by type to represent the overall degree of schematinati@network. Because this

controls for size of the network, we can then compare changes in schematization over time.
The networks in Figur&3 belowusetwo similar setences to illustrate this more clearly

In the left sentencd he students ate apples and pedngre aresix nodes with five links, which

gives an average betweennes8.88B. In the righthand sideThe students ate THE applasd

pears there are again six nodes and also six links due to the U$¢Eah two different
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contexts. This gives an average betweennesskrbin this very simple examplee can see
that the higher thaverage number of degrees, the more schematizexists in the network.
Figurel3

Example Networks: Average Number of Degrees

Example Network: The students ate apples and pears Example Network: The students ate THE apples and pears

ate
pears
students
students

® o

We canalsosubtract the degrees by type from degrees by t@héa frequencyjo get a
measure of repeated uses of a dependency pair, or its prototypaalityecando the same
with averages$o understand the total degree of prototypicality in the network. We ean th
compare the measuresdfferent time pointgo identify shifts from use of prototypes toward
schematization.

Figurel4 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 ré&hcé& the head of all other words
in these phrases. We can see that there are eight degrees bifdtateand five degrees by type
(unigue degrees). This means that there are three repeated demplags can see that they all
fall betweentheandcar. Of coursein a real learner networkjis 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 timepointg the macro level
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Figurel4

Example of Degree Type, Token, and Repeated Word Pairs

Example Network: Degree by token, type, and repetition

Betweennesseasures the centrality of a node based on the extent to which it bridges
differentsubsystems ia network In order to measure this, we start by creating a list of the

shortest pathfetween each pair of words in a network. As an example, Fliisea network

of the sentence AThe teacher gave some books

Figurel5

Betweenness

Example Netwark: The teacher gave some books to a student

some

& @

0
o9 %o
o
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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 oniaéoother For example, if we want to go frotheto
teacher we simply have a shortest pathtioé-teacherbecause they adirectly connectedf we

want to go frontheto gave we must take the patheteachergavebecause there is no direct

connection betweetlhe andgave We do this for all nodes in the network, as in Tdldle

Table11

Shortest Paths Between Each Word Pair in the Example Network

The teacher gave some books to a student
the 0 the-teacher the- the-teacher the- the- theteacher | theteacher
teacher | gave teacher | teacher gave gave
gave books gave gave studerta student
some books studenito
teacher theteacher 0 teacher teacher teacher  teacher teacher teacher
gave gave gave gave gave gave
books books studentto | studenta student
some
gave theteacher teacher 0 gave gave gave gave gave
gave gave books books studentto | studenta student
some
some theteacher teacher gave 0 some some some some
gave gave books books books booksgave | booksgave
books books some gave studenta student
some some studenito
books theteacher teacher gave some 0 books booksgave | booksgave
gave gave books books gave studerta student
books books studenito
to the-teacher teacher  [gave some books 0 to- to-
gave gave student | books gave studerta student
studentto | studenito | to gave studernt
studenito | to
a the-teacher teacher  [gave some books to-studert 0 a
gave gave studenta | books gave a student
studemta | studenta gave studenta
studerta
student theteacher teacher  [gave some books to-student a 0
gave gave student | books gave student
student student gave student
student

Once we have all of the shortest paths, we then count how many times each word appears

on a shortest path, which is the wiartbetveenness score. To get the malenel indexaverage

85



betweennessve then take the average of all of these scores. Betweenness scores for each word
and the average for this network are shown in TaBle

Table12

Betweenness Scores for Each Word and Average

Word Betweennes:

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 wgelie is at the center of the network and acts as
abridge between all of the noun phrases in the sentence. If we remove this node, then the
network breaks into three different ssjpstemsgome bookghe teacherandto a student
Similarly, if we take ousstudent which has the second highest betweensesee, the network
breaks down into two subsystems. If we takebmatksor teacher which are tied for the next
highest betweenness score, we get lone nibées some and one separate subsystem.
Betweenness, then, represents how integrated a noti®ss aifferent subsystems in the
network.Gaveis more integrated across the subsystems because it directly connects them.

Average betweennedben,representshe degree ahtegration across the network.
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In Figure B, we look at the same phenomenon in a real learner nethogknetwork on
left showsthd e ar n e r 6 slime kanduteeight shavsTime 8. The size of the nodes

represents the betweenness score and the red arrow points to tipetsand pronoun tashe

All nodes with a direct dependency relationship with this node are highlighted. We can see that
atTime 1 there is relatively little variation in betweenness sq@ieg in the network
Importantly, in this example, it is possible to have higher betmesscores, but the learner did

not makethe connections that would have led to that outcdfe can also see that tasheis

peripheral to the network. If we take it otitereis no change to the rest of the network. TBye
8, the situation has changed drasticdllgere is a lot more variation betweennesgsize), with

some large and some very smalhe nodeepresenting tasheis one of the largest in the

network, and dectly connected to many other nodes. Although not all subsystems can be seen
clearlyfrom this image, we can see that if veenovethis node the network willfracture

Figurel6
Compari son of Xi njeft)@&JiméN&(ight),cArrdw Pairtts talaheme 1 (

.

/‘

A high betweenness value indicates that a node acts as a bridge beavngeiifferent
subsystems in the netwoakd so it is welintegrated into the netwaork it is low, it does not
often bridge different networks alsdis notwell integratedAverage betweennedben

indicates the overall degree to which nodes are integrated with the larger system. Tidis exte
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the indices currently used usagebasedapproaches from phrasand clauseinternal
relationships to the integration of lexical items acsafssystems (the nature of these subsystems
and their relationship to linguistic structures is explored et section on megevel indices
and hubk
Assortativity is a macrtevel 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 indicatiomf how new nodes are introduced into the system: Do they attach to already
well-established nodes or to other new nodegfiis study, | include assortativity based on:
1 Degrees: are highegree nodes more likely to connect to other -highow-degree
nodes?
1 Betweenness: Are nodes that act as bridges likely to connect to other nodes that also act
as bridge®r to less integrated words
1 Community membershifdescribed in detail in the meso/micro levélje nodes in a

community more likely to connect to nodes in the same or different communities?

Results

Longitudinal Analysis
Firstwe look at thdongitudinaldevelopmenof 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 theek period.

From Figurel7, we can see th&br both learnerghe 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 wityro 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.

Figurel?
Total Nodes and Edges by Time
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Next we look at thavelagenumber of degrees by tokandtype, as well as those that are
redundantFrom Figurel8 we can see that tteveragenumber of degrees by token increases
over timefor bath learnes, although there is some variabilifyor 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 ovelll increasefor Xinyi while it generally decreases remains stable for Yuxi.
Figurel8

Average Degrees by Token, Type, and Redundant Degrees
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From this macrdevel analysis, we can see that #werage number afegrees by tokeim

both the learner and targlainguage 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 egestd#f redundant connections, or

prototypes is relatively low.
Next, we look at theaverage betweennefs each learnefFromFigure19 we can see that

average betweenness increases dramatically Tiore 1 © Time 8 for both learnerswhich

indicates that on average there is an increase intdreonnectiongcross subsystems.

Figurel9

Average Betweenness Score
Yuxi Average betweenness

Xinyi Average betweenness

300
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Time

' ’ ‘ Time
Finally, we look at assortativitgy degrees, betweenness and community stryctbosvn
in Figure 20 Figure 20 shows that for both learnezssortativitypy membersip seems to

decreaselghtly while assortativitypy betweenness and degrees may increase very slightly.
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Figure20

Assortativity
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Of the macrelevel 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-sectionalAnalysis
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 tolkemragalegrees 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 regressibecause it had the strongest relationship to writing score

Five macrclevelindices(average degrees by token, average betweenness, assortativity by
degrees, assortativity by betweenness, and assortativity by community strwet@epnsidered
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 describedthe methods sectiaf the first studyresulted in a significant
model that containetivo significant predictors of writing score. The model explaiBéd ®6 of
variance in the data (E(388 =114.4 p < .001). Full details for the final model ar@yided in

table 13.
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Tablel13

Network Science Indices Model Summary

LMG Est SE t value Pr(>|t|)
intercept NA 30.724 5.774 5.321 p<0.001
ave_betweennes 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(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, theatitegof nodes across
different subsystems within the system is an important aspectlofanguage developmeand
change across proficiency levels

A polynomial model was also tested following the same procedures outlined in the first
study.Like in that study, thirdorder polynomials were testeaghdin this casesome were found
to be significant. The model selection process outlindgle first studywas followed and
resulted in a significant model that explairiesls variance in the data than timear model.
Since the polynomial modé 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 proaeeks outlined ther& his model included theetwork
science indiceavelge betweenness and average degrees by type:hmsseptindiceaverage
verb frequency by type, average faith by type (verb as cue), average faith by type (construction
as cue), angercent of verbs attested; and general index mean length of sentérorddp
polynomial).None of these indices were multicollinear(}.8|) Following the procedures
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outlined in the first study resulted in a significant mg@et 39.36 7,383); p < .001dhat
explained40.77 percendf variance in the dat@able14).

Table14

Combinel Indices Model Summary

Img Estimate  Std. Error tvalue 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 Pol 0.027  23.780 9.790 2.429 0.016
Mean Length of Sentence Pol 0.023 -24.255 9.728 -2.493 0.013

Adjusted R = .4077;F = 39.36 (7383); p < .001

In the first study, thenodelthat combined usageased and general indicascounted for
29.87% of variance in the data and was significarg,(882) = 21.76, p < .001). The total
amount of variance explain@chen adding the network science indiceBigherby about 10%
andso we test to see if this difference is significAiefind that the combined modeldith

network science indicesxplainssignificantly higher variance than tbee without it(Table15).

95



Tablelb

Model Comparison Summawith and withounetwork 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 tetwork science indices and theagebased and
general indicesye would expect to see the variance of the combined model near the amount of
the variance explained by each individual modeR%B87(combinedusagebasel and general
mode) + 36.77(network science on)y=66.64 In reality, the total amount of variance
explained by the combined modeith network science indicescreased less than expected to
40.77 or by abouflO percentage points. This indicates tthegre is overlap between the indices.

From Table Arepeated here for conveniencs® see thathe relative importance (LMG)
of the betweenness score has decrebgeadout 14 percentage poirfitsm nearly 37% to
23.8%.Similarly, we see that the average verb frequency has decrizased5.4%6 toabout 9o.
This seems to indicate that some, but not all, of variance betweenness and verb frequency
explains overlaps with other variabl@e relative importance éfaith, a strength of a®ciation
measurdwith both verb and construction as cue)contrast, barely changbetween the two
models, indicatinghat there is little overlap between strength of association and the network

science indices.
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Table 7(repeated)

Combinedviodel Summary

Img  Estimate Std. Error tvalue 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 Rsquared: 0.2987;-Btatistic: 21.76 on 8 and 382 DF;value: < 2.2€16

Preliminary Discussion
This section has focused me macrelevel network sciencendices betweenness

average degrees by tymnd assortativity by degree, betweessnand group membership. It

first lookedat thelongitudinaldevelopment of two students and theokedat how wellnetwork
science indicepredict proficiency in crossectionaddata.Finally, it compared a combined

model with network science, usagased, and general indices to the previously developed one
with usagebased and general indices only.the longitudinal data, average betweenness
showed a strong linear increaseepthe eight time points for both learnekserage degrees by
type also showed generally linearalthough less drastincrease over time for both learners

None of the assortativity indicetiowed any trend'he crosssectional analysis is very
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consistent with these finding&verage betweenness and average degrees by type were both
significant predictors of proficiency in a multiple regression, although average betweenness
accounted for much mod thevariance explainedThe 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 dependencysid|agion
Both longitudinally and across proficiency levels, there is a steady increase in this kind of
schematizationAverage betweenness refénsschematization at a different level: it is not just a
matter of adding new words to the network, or adding cennections between words, but there
is a specific pattern aficreasinglyusing words in different subsysteinsthe network This
means that over timend across proficiency levels, the words in the network become
increasingly integrated with each othBased on our understanding of VACs and Zipfian
distributions, we would expect verbs to become more strongly associated with a particular
subsystemnot necessarily to integrate across subsystemsever Ellis andFerreiraJunior
(2009b)found that the Zipfian distribution for other islands was less strong. dssilge, then,
that different parts of speech show different trendléndegree to which they integrate across
different subsystems. This is a question for future research.

Finally, including network science indices in tt@mbinedmodelthat wasdeveloped in
the first part of the study adds an additional 10% of variance expldihedindicates that
network science indicesxplain some unique variance not accounted for by any of the other
indices. Interestinglywhile the relative impoance of betweenness drops drastically in the
combined model, it still accounts for more variance than any e#ngble The relative

importance of average verb frequency also drops considesadthigugh it remains the second
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highest predictor of profiency The VAC-based Faitlvariables, on the other hand, are virtually
unchangedrom the first modelsothe addition of network science indices has basically no
impact on the total relative importanakethe SOA indice. This is probably because Hais

based orverb-VACs, or clausanternal relationships while betweenness is focused on
integration across subsysterti@appears that both are significaspects ofvriting proficiency.

This section has focused on matgwel indicesavailable within the network science
modeland indicates that Echematization of word dependencies increases over time and across
proficiency levels, and 2. Betweenness, or integration across subsystems, is also an important
feature of development andgficiency. In the next section, wesemese and micrelevel tools

and exploravhat they can show abodévelopmenat a finer grained level.

Micro - and Mesaclevel Analysis
Betweennesappears to benamportant aspect of development over time and across

proficiency levelslt is also the ability of words to serve as bridges across subsystich
raises the question of what subsystems exist in the Haitasection usemmesaolevelindex,
communitystructure to quantitatively identifysubsystemsn the larger systerandthen
gualitatively analyzes thextent to whiclthose subsystems reflect linguistic structuf@sdo
this, it uses micrdevel degrees to identifyubsin the subsystems&inaly, it uses these

subsystems to trace the developmeningjuistic corstructiors over the 2@veek period.

Method
Communitystructurequantitatively identies subsystems within the larger netwdrk

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 identifyingommunitiesjs as follows:

1. Each node imitially treated as its own community.
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2. A similarity matrix is made by iteratively comparing tsieilarity scoreof each node
and ordering nodes in a matrix according to similarity sc@railarity is a technical
term that measures the extent to which a nodesnilgmts share nodes with each
other. For example, if a node connects to two other nodes in a triangtethe
examplen Figure2l, left, the similarity score od, b, and ¢s 1, meaning that they
exclusively share nodes with each other. If any of those nodes also connects to other
nodesas c does ifrigure2l, right, the similarity scoref c would becoma fraction
because not all of the nodes it connects to are shatecwand b.

Figure21

Comparison of Similarity Score Calculations

Example Network: Similarity Example Network: Similarity

O 0
()

O
()

© O
3. lterative group fo_rmation: Nodmirswith strongest similar_ity scores are grouped
together first in @lendrogranftree), theradditionalnodes and/or groups of nodes are
connected in the trdeased on similarity until eventually all nodes are added to an

existing group of nodes and groups aombined so that at the end of the process all

nodes ar@art of one large tree structure
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4. Cutoff: Identifying where in this tregtructurethe groups form meaningful units is
done viamodularity. This essentially compares the probability of findatigerent
configurations obubsystems in the tréea random network (which does not tend to
have communitiesind the less likela particular configuration jghe more
meaningful the community organizatiorhe maximum modularity indicates least
likely grouping to appear in a random network and sothe one that iguantitatively
the most meaningful in the reaforld 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., 2017yas used to create interactiyg@phs from the igraph
networks whichwereused for the mesa@and micrelevel 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 cd)lew@&e it possible
to identify what is and is not solely related to a given topic. If a node issppific, it will only
be used at a specific time point and would form connections with othersjogiific nodes also
used at the same timepoint (sitlbere 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
andsowill be identified asuniquecommunitieghatremaincohesive 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 topispecific(since no topics were reged in this studyand are

related to linguistic development
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Bel ow, I first describe some r el e anthe feat

communities thatvereused by each. | then describe fliecesses of emergence and

disappearance, growtm@ contraction, splitting and merging for each learner.

Results andDiscussion
Although Yuxiand 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 Twiee8jn the group chathe

learners rade three statements, two of which were true and one of which wa$hantthey had

to figure out what was and wasndét true. When
the true and untrue statemeab®ut each persowhile Yuxi only includeghe 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 tendedytoup 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:

Kexin likes to watch movies andad.

)

Yuxi likes toread, dance, and go to play sports.

| said, when | have time, | like to watch moviesad, and listen to music.

Yuxi:
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Kexin, Xinyi, and | also like toead.
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 B and I provide an overview of which structures emerged for each leatner
each data collection point

Tablel6

Communities Attested at Each Time Point: Xinyi

T ckn TA Total
11 1 4 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

Note1l: Numbers indicate how many of each structure appeared at a given time.

Note 2: Codes: T: time,  copula, S: compound subjects; to have, C: classifieN phases,

: to like, and, ‘becauseclause  hit (used for some sports),: to go, to eat,
T: times/activities, : locative, : weather, :to live at, No: total number @ftructures
appearingata given time

Note 3: green indicates phrasal structures; black indictdasal
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Table17

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

Note1l: Numbers indicate how many of each structure appeared at a given time.

Note 2: Codes: T: time,  copula, S: compound subjects; to have, C: classifieN phases,

- to like, and, ‘becauseclause  hit (used for some sports),: to go, to eat,
T: times/activities, : locative, : weather, :to live at, No: total number @ftructures
appearingata given time

Note 3: green indicates phrasal structures; black indictdasal

Xinyi
Over the 20week periogd15 unique structures emergeaf which5 werephrasaland 10

wereclausal 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 lndmnide 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 st€ab16 provides an overview of the

structures that emergedn Xi nyi 6s wasicahéseaistrycturesddaahtnie ipanhlt

is important to note that in some casesnmunitiesemerged asdependent unite’hen they

were first used by the learnevhile othes emerged as part of ott@mmunitiednitially and

latersplit into independent communities. Some communities show a lot of variability in their
membership while others are more stalfbile some communities appeared at all timepoints

after they first emerged, others emerged briefly and thensubsumed 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® members. It also appears at Time 1 and remains until Time 8. It

appears at Time 1 with the adverbsye, also, which shifts out to xihuan,to likeat Time
6, and dou,all which never shifts out. Growth is characterized mainly by the addition of

nowns assubjecs andalso somedditionalpredicates. There are no major changes to this
structure in terms of merging, splitting, or disappeanmgich seems to dicate that the
structure is well establisheflince it is one of the first structures covered in the course materials,

it makes sense that this structure is already-esttblished.

xihuan, to like
xihuan,to like emerges atiime 2 and remainsgntil the end, but shows much more

variability, ranging from 121 members. At Time 1,  xihuan,to like is used exclusively
with verbal complementske kanshuto read At Time 2, thissemains true and theumber
of complementsisedexpand. Negation ( bu xihuanto not like) is also introduced at the
secondime point. The coordinating clause keshihenmangdout [theyare] very busy
and kesbu buwdui but [thatis] incorrect, are also added at this time point. At Time 3,
there is relative stability although the quotative woshuo|l saidis added here. At Time 5,
kesbu budui but [thatis] incorrect, and keshihenmandout [theyare] very

busycoordinating clauses separate out i@ Times/Activities communitylt is also at this time

that Xinyi first uses direct objectwvith xihuan,to like ( tiangi, weathej. Interestingly,

this new use is not initially part of this group, Biin a separate group related to weatAer.

Time 6, this additional use of  xihuan,to like expands to includadditional direct objects

105



(e.g., , Japanese fogdwhich are not inaded in this subsystem and again at Time 8 to
include places. Interestingly, this structure nearly doubles in size at Time 7 becabgeo
eatmerges with it as a complement of xihuan,to like. Direct object uses)owever, mainly

remain as seggatecommunitieswith one exceptin. The learner uses two closely related

structures xihuan chirou like to eat meata complementand xihuan roulike

meat(a direct object)in this case, where the two structures are directly linked, the direct object

rou, meatis the first and only direct object to be included in the gradgpch may indicate

that this structure will eventually start to include the direct objects as well.

you, to haveand ckn phrases:
you,to have and classifieinoun phrases seem to develop in conjunction with each

otherand mth emerge at Time 1. In Chinese when a noun is quantified, a classifier is required,

sothis refers tdhe structure NmmberCL-Noun There is one very general classifierge

classifiergeneralthat can be used in many situati@msl early learners areteh taught to use
this one i f they don 6arealkormany spedifiadassiidrssused with u s e .
specific noungnd these are not a one:one relationshifpo use an example that came up in

these learner text# is correctto refer to goplewith either  geclassifiergeneralor  kou

classifierpeople

At Time 1, you,to haveappears in its own group with the classifier for peopleéou
classifierpeopleand the general classifier geclassifiergeneralis in a separate group. At
Time 2 these separate structures merge into a single structure with, to have At Time 3 the
situation is similar, but zhi, classifieranimalis added At Time 4, there is a more major

change. you,to have shifts tothe ta,shegroup and two classifiemoun groups emerge, one
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with most of the classifiers aradseparatene with  zhi, classifieranimal At Time 5, you,
to haveremains subsumed under ta, sheand the classifienouns are merged into a single

structure again. At Time 6, thegainsplit but with all of the specialized classifieouns in one

group and the general classifigoun in the other. you,to haverejoins the structure with the
specalized classifiers. At Time 7, the situation is very similar, but a new classifiéap

classifiersetis introduced into the same groupths general classifier. At Time 8, this remains
stable.

There is a lot of variability inhiese two communitied it seems to be related to each
other. Overall, this variability seens lead to a more cohesive @ phrasestructure because
thegeneral classifier emerges as its own separate ghagpestingly the newly introduced

classifier after this point, taoclassifierset appears in the network as part of gemeral, not

specific, groupThis seems to indicate that tipeneric template helps learners acquire new
classifiers, consistent with a progression from prototymelyzed construction. Interestingly,
though, classifienoun phrases do not emerge initially as a prototype, but rather evolve into a

prototype.

ta, she
A related structureentered around ta, sheexists at eachme point, although there is a

lot of variability inits membership over time
At the firsttime point, this construction is straightforwardly compound nouns, specifically

subjeds, mainly possessives without de,possessive markand subjects joined by he,and
While ta,sheis prominent, other pronouns are also included. At Time 2, the structure doubles

in size This expansion includes the adverbial clause youkong de shihowyhen there
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is time possessives with and without the charactede, possessive markeand theguotatives
ta shuoshe saigd he,andseparates into its own group, so at thise point, this

community seemi be a more generalized prerbal modification construction. Because of this

expansionthe word ta, sheis less prominent in the struce butthere is no other structure
thatsupersedes.iAt Time 3, this group shrinks slightly again, youkong de shihou,
when there is timpins the qu,to gostructure (discussed below) andhe,andrejoins this

structure, so it has generally reverted to the original compound subjects category. At Time 4, this

structure triples in size. This is mostly becausgou,to have merges into this group as does

the more generalizeél de shihouwhenphrase(pre-covid, youkong,to have free

time). Prepositions  zai, locative/to be aand  gen,with are also addeddditionally, imes

and activities modified btheseprepositionsare also included yinwei, becausealso

merges into this structure. he,andandcomplex nounsctuallyshift out and merge with the
xihuan,to like structure. This substantishift in both the size and nature of the structure

seems to be a shift toward specifying times and locations of activities, as exgtilasing
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

broadlyunder the he,andstructure (discusseblelow). At Time 5, thgroup shrinks by one
member overallput that is misleading becaubere is quite a bit of shift. zai,locative/to be
atphrases and  yinwei, because clausdsoth shift out to their own independent structures,
indicating they may be starting to sofidas independent structures; engbhrase

sanshiyi zhi dongwu31 animalss addedAt Time 6, the structure increases bg2 you,
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to haveand gen,with switch out.  you,to have never returns and remains as a separate
structure after thipoint.  zai,locative/to be aand woshuo,l saidare both returned here
as well, although this is reversed at Time 7 (and another prepositidni, prep-facing) is
added. At Time 8this structurancreases by.4 gen,with returns and somewounsare added

This category seems to have shifted over time from one centered around compound nouns
to one thafirst represerdgd pre-verbal modifiersandlater alsaactivities they modify This

variability particularly in prepositions zai,locative/to be gt gen,with, and  dui, prep

facingseems to indicate that they are still developing as a category in the repertoire of the
learner. Interestingly, there is no prominent verb in this &tre@t anytime point. Rather, the
structure shifts from being compound subjects centered aroutad sheto being descriptions of
times and locations, of activities, as well as some clausal modifiers.

Times andActivities
A group dedicated to timesd activities emerges @ime 4.Unlike the times and

activitiesjust mentioned, the difference is that these times and activities are not modified by

prepositions. In Chinesevo related structures are batbceptable ta ZAl
shierdian gian shuijiaghe sleeps ZAl before midnidhsing a prepositiorr

ta shierdian gian shuijiashe sleeps before midnigltithout using a prepositionWhile the
meaning is the same, the preposition is structurally diffefdr@.times and activities in this

group arauseal without prepositionsbut alverbialmodifierslike pingchangusuallyare
foundhere.This structures also not centered around a particular subjiet ( ta,she but

rathertimes are clustered around multiple activities.
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At Time 5, this remains stable, with only the addition of the keshibuduibut
[thatCs] incorrectclause. At Time 6, this remains stable, although meiyou,to not haveand
subordinatelauseswitchout, as does the keshibuduiput [t hatds]. i ncorr
At Times 7 and 8, this remains stable with some additional activities included.  ting

yinyue duojisten musiqd | e a r n-standas] use)goins this structure at Time 7 and is

removed again at Time 8.

he,and
The development of he,andis related to that of ta,shebecause he,andis

subsumed under the ta, shestructure at Time 1. It first emerges as its own structure at Time
2, disappears until Time 6 after whiit remains until the end of the study. At Time 2, thée,

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 TimehHg&,and is
again subsumed under theta, shegroup, which has reverted to compound subjects. At Times
4 and 5, he,andis subsumednder xihuan,to like. At Time 6, it reemerges as its own

structure. This group mainly joins lists of different cuisinesu(r®). 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 bplitinto two different structures:
conjunction more broadly on the one hand, and the descriptitmed and locations of

activities on the othglas discussed above)

Clausal subordination/coordination:
yinwei, becauseand keshi,butare both used by the learner to express

subordination and coordination respectively. yinwei, becauseand keshi,butform a
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separate group at Time 2, when they are first used by the learner. After thaginwel,
becausdorms a separate group at Time 3 and 5. After Tame  keshi,butnever appears in a
separate structure, but merges with xihuan,to like (Times 3, 4, 7, 8with Times/Activities
(Time 5) andwith  chi, to eat(Time 6).

At Time 4, yinweli, becausenerges with the ta,shegroup (discussed above). At
Time 6 it is merges with the chi, to eatgroup (like keshi, but ). And at Times 7 and 8 it
is merged with the zai, locative/to be at group.

In all cases,ese clauses move as a grampich seems to indicate that whiteey are

seldom closely connected enough to be independent communitiearehsghesive 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 1119 members.

At Time 3it includes the clause shenme shihou youkonghen there is

free timeand several locatiores direct objectsAlthough the size is stable at Time 4, this phrase

has switched out and several compound verbs have been added, as well as an adverb,
changchangirequently At Time 5 there is even more stability with  chuqu,to go outbeing
added and huijia to return home being removed. At Time 6, there is slight growth as the
phrase gen pengyouwyith a friendis moved hereand @ Time 7, zhethis is added. At

Time 8, several locations are added.
In this structure, although there is some degree of varialmhignge in this community is

mostly marked bygrowth, particularly of adverbs and prepositions
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gen,with
This structure emerges an independent communéty Time 3 and never again. At Time

2, we saw that gen, with prepositional phrase was subsumed under the,andstructure
At Time 4and5 under the ta,she structure; at 6 and 7 under qu,to go, and 8 under ta,

she

ting, listen
Thiscommuniy appears only at Timesahd5. Interestingly, at time 4 it is used

atypically in the clause ting yinyue duoisten to music muchPrior to this, the more
typical structure is subsumed undéhne xihuan,to like community (Time 2)where
it remains at Time 3. At Time 61mherges with the  tiangi, weathergroup, switches to
timesActivitiesat Time 7, and back to  tianqi, weatherat Time 8.1t may be that this atypical

use makes it ficult to organize into the larger structure.

chi, to eat
chi, to eatfirst appears at Time 3 under the yinwei, because clauseommunity

At Time 4 it is the center of an independeammunitymostly withdirect objectof flavors
la, spicyandcuisines ribencai,Japanese foadAt Time 5 it is subsumed under the

yinwei, because clausagain 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
Thisword s first used at Time 4 and at thahe is subsumed under thmes/activities

with prepositions groupso at its initial emergence it is only used in the prepositional s&nhse.
Time 5 it separates into its own group whisilmade otubjectsand theidocations. This is the

verbal use (not prepositional).thenrejoins thetimes/activities with prepositiorgroupat Time
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6. At Time 7  zai,locative/to be ajoins the zhu,to live atgroup It expandgo include the
li to be a distance firm, which is first used at thisme. At Time 8 lecause descriptors of
houses are includethe structure isactuallymore centered around zhu,to live atand  zai,

locative/to be abecomes less prominent

This is an interesting progression for two reaséinstit seems like zai,locative/to be
atf i r st appear s i nspeciticaly ds a preaposiion associatesl pidagetyofi r e
different activities, theiit emerges aan independent communityith the additional verbal
usagefinally it mergeswith a newly introducederh. Thisis one of few times there is evidence
of the development ofrainitial prototyfdcal use of a verfassociated with a specific context)

and then expanding to othewntexts Secondas with the tashecommunity,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 firse this word is used by the learner, and

remains through Time 8t is relatively stable acrosgne points. At Time 6, ting

yinyue dudlisten to music mucfan atypicaluse) is added here, although it formerly stood alone

while  henveryphrases are shifted out. At Time 7, ting yinyue dudisten to music

muchshifts outbut returns at Time 8. Interestingly, up until this point, this structure is mainly

related to weather termgne of which is hao de du@ lot better At time 8, this group
expands to include deiban jiato move housis addedThis is probablyan important
expansion becauske character (bolded has two readings: dei (must) and de (marker for

modifiers). Because the character is the same, it seemsighaxplansion is directly related to

113



this character, although it is &fdrent meaningThis may be one way that new items become

integrated into existing systems

dui ni shentifor the body/healtlemergs as a communityat Time 6. This is
usedin the phrase hen dui ni shentieryfor thebody/healthwhich is an atypical

usageAgain, it seems that atypical usages tend to stand alone, at least initially.
Overall, Xinyi shows a high degree of variability in her written productéhile some
structures seem to be more solidified and coleesiharacterized by relativedyyadual increases

over time, other structures seem to undergo more drastic changes.

Y uxi
Over the20-week periogd11 unique structures emergedn Y u xi 0 sofphichbduct i on

threewere phrasal, aneightwere clausalln 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;
otherwisethey are named after the feature they represent. UpTumtd 6, there is an increase

in thenumber of communitiegnd after thatemains steadyl.able17 provides an overview of
thecommunities thatmerged at each time point. It is important to note that in some cases,
communities emerged as independent units when they were first used égrites,Iwhile 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 timepaifter they first emerged, others emerged
briefly and then were subsumed into other communities. Below, | describe these processes of

emergence and disappearance, growth and contraction, splitting and merging.
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shito be
At Time 1, shito beemerges as its onsommunitywith both subjectand objects

Adverbs douall and yealsoare used here. Proper nouns are also associated with this

group as subject#t Time 2the group expands. Although adverbsdouall and yealso,

are switcheaut, words related to majors are added as well ae possessivelhe proper

nours remain in this group. At Time 3 and 4, there is no change at all in the community.

At Time 5it expands again mainly because shuijiaoto sleepand timesare added.
This is especially interesting because shuijiaoto sleepand timeswvere first usedtalime 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 shito beto being centered around theper nounsalthough shito be
remains prominenft Time 6the group contracts because theger nounswitch to the

times/activities group, depossessivewitches to th¢o the yinwei becausegroup and

shuijiaoto sleepandtimes separate out the  wo I/megroupwhile  yealsoreturns.

At Time 7the groupexpands again, adding chito eatard related wordsAt Time 8, the
subjectamainly return, words related to chito eatshift out intothe times/activitiegroup. Up
until this point, shito behas been the prominent node in the community, however, the proper

noun subjects within it are all equally prominanthis 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 nounthamretashe In
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contrast, Xinyi organized around people and sa usd¢a shemore 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 topifsger 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.

youto have
At Time 1 youto haveappears with a single classifieoun phrase  / you

si/wu kou rerthere are four/five peoplé\t Time 2, the only change is that dajiaeveryone
is added as a modifier of (this is an atypical usage). Atme 3 the community remains
exactly the sameAt Time4 it expands to includa new classifienoun phrase wu
dao liu jie kefive or sixCL classesastheobject of youto have At Time 5 another modifier
of renpersonis added meigeeach.A stative verb describing people,

bugaoxingnot happyis also addedso this is an expansion from the classifieun expansion

that has taken place so far,epansion around renpersonrather than youto have At
Time 6 thegeneral classifier geclassifiergeneralis used for the first timand is included in
this community. In this case, geclassifiergeneralis usedo modify  renpersoninstead of
the more specific , so againthe expansion is centered aroundenpersonand not around ;
however, bugaoxingnot happyshifts out to thgoins the yinwei becausegroup.At
Time 7, youto havefirst appears with unquantified noun chongwupet At Time 8

bugaoxingnot happyreturns
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Over the course of the study, this community gradueadjyands in a way that results in

renpersonbeing the prominent part of the structure.

wo l/me
Time 1-4 are exactly the sameentered around wo I/mewith the verb jiaoto be

calledand possesges 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 haohope that next week will geétterand because they share the wordaogoodit is

attached to this structure, although it is also peripheral.

At Time 6, both clauses transfer dathe xihuanto like structure Most proper
nouns depossessive shuijiaoto sleepand times transfer it50,at this point, the
structure is primarily compound nouns with a few peripheral activAie$ime 7

zhunbeijia zuofanpreparehomemake foodswitches out and zhionly added

At Time 8, thestructure splinters into three different structuregjiao to be called

gegebrother, Xinyi (name), wo l/me Kexin (name), Yutong (name),
Yuxi (name), heand  zhionlyshiftto shito be , mamamother, babafather,
jiejie elder sistershift to  tashe probablybecause thissia list And and related

time words form an independent categdrye variability in this structure over time seems to

ultimately result in the extension of otlstructures and the development of one new structure.
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ta she
At Time 1-3, this structures exactly the samand contains su years oldand also jia

home/family At Time 4 the preposition genwithis addeds the phrase  genjia with
family) and afTime 56 again remaingxactly the sameAt Time 7there is arastic increase:
genwith is used with renpersm, and zhunbei jia zuofamprepare
homemake foodll transfer in. At Time3 possessive with and without de possessivadded.
Mostly this commuity seems to be descriptors of now. zhunbeijjia zuofan

preparehomemake foodransfers oytbut prepositions remaincluded.

There appears to ls®me overlap between this one and the juedeto think/feel

structure.

juede to think/feel
Was first used at Time 3 and appears as its own struaduadause

ta juede xue huaxue hennlamfeels it is very difficult to studpemistry And is prominent
in this group At time 4 the clause tamen hen mantpey are very busyansfers in,
attaching because of the word henvery, which is used in both clauses

After Time 4 this grousplits in several directions.  juedeto think/feeland related
wordsbecomesubsumed under  xihuanto like, while  henvely, is subsumed under
tianqgi, weather yinwei becauset time 5, then under  xihuanto likeat times 6 and 7,
and finally under tianqi, weatheragain at time 8.

Again, we see a pattern afgroup building up and then dispersing into other groups.
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xihuan to like
This structure appears &itme 2 the first time it is used. Bottomplementdike

kanshuo readanddirect objects like zhongwen keChinese clasare included at this
time. Additionally, the adverbial clause youkong shihowvhen [there is] tine (note
atypical usagepndadverbs douall and yealso are included in this structure at this time

It emerges as a very wadktablished structure.

At Time 3it almost doublegnainly because the  yinwei because clausie added

here Then atTime 4there isno change at all

At Time 5it contractsas ? youkong shihowvhen [there is] timand
yinwei becauselausesswitch out. douall is alsoswitchedout. ta juedeheto

think/feelisadded here.

At Time 6the structure expands again ashenveryis added as modifier of  xihuan
to likeand alsdo  nandifficult. shito bealsois added at time sibAt Time 7 the
structure grows again &8s youkong shihowvhen [there is] timeeturns At Time 8 this

structure is again removed, as ishenvery, 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 undershito be at time 6 and 7under wo I/me

Times and Activities
These are first used at timedd remains a separate community for the duration. It

remains unchanged at times 4 and 5. At Time 6 it nearly doubles becaukeio eatis 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 andtbto eatand related
words join the shito bestructure. At Time 8, #group more than doubles again asplits
off into the xihuanto likegroup (since it can serve as a complement of xihuanto like).
Activities  chito eatand are added here, but the structure seems to be generalizing

because they are not asisbed with specific times, but rather with other modifiers (direct
objects).

yinwei because> hen very
yinwei becausdirst appears at Time 3, subsumed under xihuanto like why

S | i kes/ somethsngahd renainsktheerat Time 4 At Time 5, it emerges as an
independent structure, seemingly because it is also used to explain why people like certain
weather(becauseveathemwords are also included here). At Time 6, it is relatively stable, with

hennarvery difficultswitching outand bugaoxingnot happyjoining this group.

At Time 7, it is again relatively unchangexntracting slightly to remove

youkong shihowvhen [there is] timgand nuanhouvarm At Time 8 it expands
substantially;? youkong shihowvhen [there is] timeejoins as does henveryand
related words ( haogood.

Because henveryrejoins with its additional words, it takes over in prominence of this

structure.

zailocative/to be at
zailocativeto be atis first used by the learner at Time 5 in the clause

dou zai xiaweiyill 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. Themphasiseems to shift away frotocation. Also at this time, zai
locativeto be atis used also as an &spual marker of zhuto live atto 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 cuis{dapanese and Chinese). It appears

as an independent structure and remains unchanged until the end of the study. It does seem to be
the first adjN phrase

Y u x wriirgg productionwe see a | ot | ess Thaeweraimany i ty tF
time pointswhem st ruct ur e s i mpahilethid wad naré with Xilya nge at al
Additionally, the type of change was differeNuxié pathtended to be one of expansiand
then disintegration or gradual shifts in the naturthefstructuresXinyi, on the othehand,

showedmoreexpansion and contraction, as well asrganizing around different constructions

Preliminary Discussion
This section has explored the possibility of using community structure to quantitatively

identify linguistic constructionandonce these are identifiedseshem to trace the development
of all phrasaknd claual structuresn the networkOne of the key takeaways from this analysis
is that community structure quantitatiyedientifies linguistic constructioria learneréwriting

at the phrasal and clausal leaeld this is based dhe lexical items used by the learners and
howthe learners themselvesnnected those wordghis approach, then, allows for the analysis
of lexical, phrasal, ahclausal structurds relation to each other. This is consistent with a
complex dynamic systems approach because it takes into consideration the largerasetwork

well as hierarchies and subsystemithin it. Unlike previous case studies, which generaéiect
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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 irpact changes elsewhereven i n cases where construct.
independentommunitiesthey moved from community to community as cohesive Uhits

may be another way of identifying subsystems.

Finally, there seem to be different fgahs of constructions. For both learners, some
communitieshadprominent nodes with high number of degrees and other nodes with very low
degrees. These tended to be clustered more centrally metiverk.Other communitiebad
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 peripherdlhese are all features of netwadience 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 lear@dirgyuistic development over the course of the 20

week eriodin terms ofmacraelevel indices that indicate that subsystems exist in the language

and at mesdevel indices that show that thosgbsystems refletinguistic constructionand can

also be used to show the evolution of constructadrdifferent leelsover time.This analysis

has focused primarily on t &ndenlplasizestratriedraserscann ¢ o
follow very different developmental trajectori€som a usagéased perspective, thefeatures

should alsaeflect the input or target language. In this sectiamstart toexplorethefeatures of

learner language in relation to the target language. Since average degfme@esnnessnd

community structure seem to be useful network science indices, | focdbese measures in this

analysis.
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TargetlanguageCorpus
Many studies that take a usaggsed 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 othe 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. Thé& tesedde

Integrated Chinese 1, upper and lowkiu & Yao, 2009). The written texts from all units were
includedas an approximation of thenguage 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 thaeachers 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 reasongldpproximation of the input language. The corpus was set up

with metadata about which umihdlessonthe textcame from.

Resultsand Discussionof Target Language Comparison
Results fothe same two students used abakepresented and discussed togefre

ease of reference to relevamiagesand data.
Since UB approaches predict a progression from prototype to schematization and since
there is evidence of increased schematization in the learner output, what | focus on here is 1.
What words increas@aischematization in the learner producfland 2. Is there a relationship
bet ween | earners6 schemat i z ataiga langwagetdothise gr ee o
by comparing the top 5 most schematized wood$iubsjn the learner production at each time
point to those in th&arget language corpus. Figut2below 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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Figure22
Top 5 Most Schematized Words in Textbook,iXiny a n d
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For Xinyi, of the 12 lexical items that appear the top5 most schematized words in the

learner production over time, ortlgreeoverlap with theop 5 from thetextbook ( shi,to be
wo, I/meg and  qu,to go. While  shi,to beremains in thé e a r topebmast
schematized wordacross all time points, wo, I/medisappears aftefime 3and qu,to go

appears only atiines 3, 4, 5, an@®. Yuxi is similar. Of 13lexical items that appear in the top 5
most schematized words in the learner production twer, onlythreeoverlap with the top 5

from the textbooK shi,to be wo,l/me and youto havd. shi,to beremains in the
top 5 at all time points wo, I/meappears only at Times 2 anda®d  youto haveappears

only at Time 1.
This indicates thahere 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 ldoat the relationship between the pairs the learner produces and their
frequency in thearget language corpusigure 23 shows series ohetworks at Times 18 for
both Yuxi and Xinyi Dependency pairs the learner output that overlap wittose foundn the
target language corpase showrby blue links. The width of blue links represents how frequent
the pair is in theéarget language corpushe magentéinks are only attested in the learn@ s
writing, not in thetarget language corpasid so the width of the magenta links indicates the
|l ear ner 6 s .Aecording to &B theerpwe would expect thahe majority ofpairs
would overlap with thaarget language corpgllue), andthat the learner would also produce
more frequent blel pairs first (thicker linesMagenta lines are expected to be fewer and also less

frequent (thinner)This information is shown for both learners sheside.
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Figure 23

Development of Xinyi and Yuxi Time8.10verlap with Textbook
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Xinyi Time 6 Yuxi Time 6
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What we can see frothesenetworksis thatinitially Xinyi uses more word ambinations
that are attested in the textbook than Yuxi,mth learners use mopairs that are not attested
in the textbook than those that are. This increases over@htbe connections that overlap with
the textbooksome have relatively high frequency in tegtbook while others do not. Overall,
thereseems 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 thedrgietlanguagecorpus to what the
learner prodaes at each time point. Although the graphs below are less readable, they give a
sense of the relationships betweenttrgetlanguageand developing learner networks. All
nodes in the textbook and learner data are represented in each graph. At epointirgesy
represents connections between words that are found in the texAisomibove, dependency
connections produced by the learner that are not found in the textbookgeatawvhile
dependencgonnections made both in the textbook and by thedeare blue The nodes are
sized by frequency.

Usagebased theory predicts that language learners would produce constructions found in
the input and particularly those thae high frequency in the input, andagmin,we would
expect the majority of learner dependency connections to be blue and also connecting larger
nodes. Of course, because the leardel not do as much writing as in the textbook, a good deal
of grey isalso expectedrigures 24-25 showdistributiors of the wod pairsonly produced by the

learrer,those only used in the textbook, and thesed by botlior Xinyi and Yuxi respectively.
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Figure24
Development of Xinyi at Times3lin Relationship to the Textbook
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Xinyi Time 2
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Xinyi Time 3
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Xinyi Time 6
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Xinyi Time 7
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Note: Overlap with Textbookblue; learner output onlynagentatextbook only word pars: gray
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