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Abstract

The effects of previously learned language(s) on learning, knowledge, and use of

a new language have been well documented (Jarvis & Pavlenko, 2008). It is also

well known that adults extract statistical patterns of artificial grammars under both

incidental and intentional conditions, by drawing on the same implicit statistical

learning mechanisms used to learn their natural languages (Hamrick & Rebuschat,

2012; Newport, 2016). However, what is less clear is how statistical patterns from

existing language(s) can be recruited to guide initial exposure to a novel language. One

proposal is that learners form expectations for systematic patterns in a novel language

based on regularities they extract from past learning (Pajak, Fine, Kleinschmidt, &

Jaeger, 2016). These prior expectations reflect the cumulative experience that learners

have with various patterns in their known language(s) and thus are gradient. As

learners are exposed to distributional patterns and predictive dependencies of the

new language, prior expectations from learners’ known language(s) are utilized to

guide adaptation to the novel input.

This dissertation investigated whether participants from two first language (L1)

backgrounds, English (n = 30) and Thai (n = 66), utilized their prior probabilistic

statistical knowledge of tense-aspect encodings to adapt to a novel language. They

were presented with a miniature language that expressed the temporal meanings of
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completion and continuation with both English- and Thai-analogous systematic asso-

ciations. To illustrate, the completion meaning ‘man read-simple past a book ’ was

paired in the miniature language input with an English-like encoding (i.e., associa-

tions between verbs and morphemes such as harter dola katon-et) and a Thai-like

encoding (i.e., associations between aspect markers such as harter dola katon lon-

beng). At four different time points during the two-day training period, participants

were assessed on their accuracy on and rate of adaptation to the two tense-aspect

encodings. All participants also completed an English tense-aspect cloze test, and the

Thai L1 participants completed an English L2 proficiency test. Data were analyzed

using Bayesian multilevel regression models.

Regarding the accuracy of adaptation, results show that participants adapted

more accurately to their L1-analogous encoding, when compared to the non-analogous

one, and that this was true for both L1 background groups. However, the pattern of

results for the rate of adaptation was unexpected: participants adapted to the two

encodings at a similar rate across both L1 backgrounds, and only the subset of Thai L1

participants with lower English proficiency showed the anticipated rate of adaptation.

In addition, variable sensitivity to systematic associations underpinning the English

Simple Present and Past, as measured by the cloze test, showed a positive trend

toward predicting English L1 and Thai L1 participants’ adaptation to the English-

analogous encoding of the miniature language.

These findings suggest that adaptation to distributional patterns of a novel lan-

guage can be mediated by expectations for statistical regularities gleaned from past

learning. Conceptualizing prior linguistic knowledge as prior expectations requires

researchers to operationalize and measure prior knowledge not as a dichotomous vari-

able such as L1 background (i.e., as when tense morphology is present or absent in
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the L1 vs. L2), but as a continuous variable that can be incorporated into a statistical

model.

Index words: Linguistic transfer, Adaptation, Adult second or additional
language learning, Statistical learning, Bayesian multilevel
models
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Chapter 1

Introduction

The present dissertation critically considers the interaction between novel language

input and probabilistic knowledge of statistical regularities that adults accrue from

statistical learning (SL) of language(s) throughout their lifespan. Specifically, sim-

ulating initial exposure to a novel language with a miniature language-learning ex-

periment, I examined the extent to which adult participants adapted to probabilistic

distributional patterns of tense-aspect encoding that they experienced in a miniature

language, and whether such adaptation differed as a function of prior expectations

about tense-aspect encoding which adults hold in response to past learning of tense-

aspect systems.

The present study brings together distinct lines of inquiry and different, sometimes

conflicting, perspectives on language-learning abilities in adult learners in order to in-

vestigate an issue that has been at the forefront of research into adult second language

(L2) or additional language (Ln) learning: the influence of prior knowledge from one

language on learning, knowledge, and use of another. Although earlier work has laid

a solid foundation for linguistic transfer and, more broadly, cross-linguistic influence

(Jarvis & Pavlenko, 2008), recent years have witnessed an expansion of the investi-

gation on this issue (Jarvis, 2016, 2017), with contributions outside the traditional

purview of second language acquisition (SLA) (e.g., Frenck-Mestre et al., 2019; Pajak

et al., 2016). SL research has also begun to show that biases from existing natural
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language(s) can affect learning outcomes in a linguistic SL task with an artificial lan-

guage (e.g., Potter, Wang, & Saffran, 2017; Trecca et al., 2019) These recent studies

have generated new research ideas and provided a platform for cross-pollination of

research to take hold. They have also raised a number of important questions that

merit further investigation. The present dissertation considers some of the most press-

ing issues, and this chapter previews the argument that will later be expanded upon

and probed with a miniature language-learning experiment with adult participants

from two first-language (L1) backgrounds: English L1 and Thai L1-English L2.

1.1 Statistical regularities as prior linguistic knowledge

One characteristic of sequential L2/Ln learning in adulthood is variability, both in

terms of performance and proficiency. Although sizable behavioral and electrophysio-

logical evidence has documented variability in L1 processing as a normal phenomenon

(e.g., Farmer, Misyak, & Christiansen, 2012; Qi et al., 2017), variability in different

areas of an L2/Ln (e.g., phonology, lexis, and syntax) is still being discussed in less

glowing terms, as a problem to be overcome. Such characterization of L2/Ln learning

may be due to the fact that L2/Ln learners, who are sequential bilinguals, are of-

ten compared against the yardstick of monolinguals (Ortega, 2013). Nevertheless, the

tide has begun to turn. Variability is being systematically investigated as a function

of adult learners’ idiosyncratic linguistic environment rather than being cast aside

merely as a byproduct of their learning deficiency (Dussias, Kroff, Beatty-Martínez,

& Johns, 2019). A large body of work in SLA has shown that variable L2/Ln learning,

knowledge, and use is explained by a multitude of factors, such as age (Johnson &

Newport, 1989; Long, 2013), learning contexts (Morgan-Short, Steinhauer, Sanz, &

Ullman, 2012), difficulty of the language forms being learned (DeKeyser, 2005), or in-
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teractions between two or more of these variables (Tagarelli, Ruiz, Vega, & Rebuschat,

2016).

The present study focuses on one important factor, prior linguistic knowledge from

past language learning (Jarvis & Pavlenko, 2008). It has been consistently shown in

numerous studies in SLA that knowledge of sounds, words, and structures in adults’

existing language(s) impacts L2/Ln use (e.g., Ecke, 2015; Frenck-Mestre et al., 2019;

Schepens, van der Slik, & van Hout, 2016; Tsukada, Cox, Hajek, & Hirata, 2018;

Zawiszewski, Guttérrez, Fernández, & Laka, 2011). Among SLA researchers, tense-

aspect encoding is an area of great interest (Bardovi-Harlig, 2000; Blom & Paradis,

2015; Lardiere, 1998; Salaberry & Shirai, 2002). The fact that there are typological

differences in how languages encode time with tense and aspect means that lan-

guage learners from different linguistic backgrounds will likely have different sets of

prior knowledge and expectation regarding tense-aspect encoding. This realization

has prompted researchers to investigate the effect of learners’ L1 on their knowledge

and use of L2/Ln tense-aspect forms from two perspectives. Firstly, meaning-oriented

studies, which probe form-meaning pairings between tense-aspect morphology and

verbal predicates vis-à-vis the Aspect Hypothesis, show that learners’ comprehen-

sion and production of tense-aspect forms are influenced by their native language

(e.g., Ayoun & Salaberry, 2008; Collins, 2002, 2004; Sugaya & Shirai, 2007; but see

Bardovi-Harlig, 2000). Secondly, form-oriented studies point to the contribution of

tense-aspect forms in learners’ L1 on their L2 production of English tense-aspect

morphology (e.g., the past-tense -ed or the progressive -ing) (e.g., Blom & Paradis,

2015; Jia & Fuse, 2007; Murakami & Alexopoulou, 2016; S. Yang & Huang, 2004).

In this latter group of studies, with which the present study is aligned, there is a

tendency among researchers to categorize languages dichotomously based on whether

each one primarily uses morphology or lexis to encode time or whether it is a tensed
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[+TENSE] or a tenseless [-TENSE] language. This binary classification can be ob-

served in both formal (e.g., Ayoun, 2013) and functional approaches (e.g., Ellis, 2006)

to L2/Ln learning. Furthermore, when tense-aspect forms are compared between lan-

guages, a dichotomous decision is usually obtained (e.g., the presence or absence of

a progressive form in a target language as compared to a source language). Flowing

from this is an argument that learners will perform more accurately on an L2/Ln

tense-aspect form when a corresponding form is present in their known language(s).

The present dissertation is concerned with the use of prior knowledge of tense-

aspect marking in novel language learning. Despite this similar focus on linguistic

transfer, the present work differs fundamentally from previous studies in the way

it captured tense-aspect knowledge of participants. Specifically, tense-aspect encod-

ing of each of the two L1s of participants (i.e., English and Thai) was expressed as

systematic associations between linguistic elements that encode temporal meanings.

This means, for instance, that the English Simple Past is encoded not solely by the

past-tense -ed, but by a pairing between verb and inflection (e.g., walk+ed). Usage-

based linguists have placed an emphasis on this form of associations, or schema, in

monolingual child L1 acquisition of inflections, which include tense-aspect forms (By-

bee, 2010; Croft & Cruse, 2004). A recent study with child L2 learners of English has

found that frequency of the verb-inflection pairing, which indicated the strength of

associations, predicted children’s accuracy on the third person singular (3psg) -s form

(Blom, Paradis, & Duncan, 2012). Once systematic associations of this kind are taken

into account, the importance of considering prior knowledge of a given linguistic phe-

nomenon (e.g., tense and aspect) as gradient rather than dichotomous becomes clear.

Instead of simply considering language background as the relevant dichotomous vari-

able (i.e., does the L1 mark tense as in the target language, with a morpheme, or does
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it not?), the relevant variable becomes gradient knowledge of systematic associations

of linguistic units.

As the analysis shifts from strictly focusing on individual morphemes or lexical

markers in isolation to looking at systematic associations of linguistic units, it is

possible to see a highly complex network of distributional patterns that a language

such as English utilizes to denote temporal meanings, from the associations of adjacent

linguistic units (e.g., love+s in regular case of the Simple Present) to non-adjacent

elements (e.g., copula be and -ing of the Progressive as in is walking). From this

perspective, prior knowledge that adult learners bring to L2/Ln learning can include

not only morphology or lexis but also systematic patterns that underpin various

tense-aspect encodings of their language(s). The present study thus investigated how

systematic patterns from prior learning interacted with novel patterns in the miniature

language input. It will be argued that systematic associations from past learning of

tense-aspect system inform learners’ expectations about co-occurring patterns in a

new language, and that these expectations can serve as probabilistic biases that guide

learners’ adaptation to novel patterns (Montero-Melis & Jaeger, 2019; Siegelman,

Bogaerts, Elazar, Arciuli, & Frost, 2018).

1.2 Prior linguistic knowledge in statistical learning

Various aspects of language —from phonology (Onishi, Chambers, & Fisher, 2002) to

morphology (Pacton, Fayol, & Perruchet, 2005) to orthography (Chetail, 2017)— can

be captured by a set of statistical regularities. An ancillary line of investigation has

shown that humans are adept at extracting statistical regularities from their ambient

environment. This ability has been attested in a wide array of cognitive domains,

including language (e.g., Aslin, 2017; Jost & Christiansen, 2017; Saffran & Kirkham,
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2018). SL research since the seminal work by Saffran, Aslin, and Newport (1996)

has shown that infants, children, and adults track and extract two broad classes of

statistical regularities, namely conditional and distributional statistics (Erickson &

Thiessen, 2015; Thiessen, Girard, & Erickson, 2016). Distributional statistics arise

from the human ability to track the frequency and variability of exemplars in the

input, such that exemplars are eventually abstracted into categories. Conditional

statistics, on the other hand, deal with co-occurrences of linguistic units and express

the notion of predictive dependencies with a statistic called transitional probabilities

(TPs). This form of probabilities captures the predictability of one linguistic element

given another (e.g., an article predicting a noun or verbs predicting -s or -ed) and

has been shown to be implicated in word (Saffran, Aslin, & Newport, 1996; Saffran,

Newport, & Aslin, 1996) and phrase structure learning (Saffran, 2002; Thompson

& Newport, 2007). The present study, like most other SL research with artificial

language stimuli, is concerned with conditional statistics.

Just like natural language learning, artificial language learning in SL experiments

does not take place in a vacuum. In other words, learners do not passively assimilate

to every distributional pattern present in artificial language input (e.g., Hamrick &

Sachs, 2018; Siegelman, 2020; Siegelman et al., 2018). SL throughout one’s lifespan

should provide ample statistical information of the environment that one can use

to incrementally update his/her representations for subsequent processing. There is

ample evidence for this claim. Prior experience with distributional patterns gleaned

from past language learning or induced from previous artificial-language training pre-

disposes learners to form expectations about how linguistic elements tend to co-occur

(see, e.g., Frost, Armstrong, & Christiansen, 2019). This form of learning biases can

modulate neuronal as well as behavioral responses (Lew-Williams & Saffran, 2012;

Poulin-Charronnat, Perruchet, Tillmann, & Peereman, 2017; Skoe, Krizman, Spitzer,
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& Kraus, 2015; Toro, Pons, Bion, & Sebastián-Gallés, 2011; Trecca et al., 2019).

More specifically, Onnis and Thiessen (2013) showed that English L1 and Korean

L1-English L2 participants segmented artificial language speech in ways that were

consistent with their L1 word-order statistics. Thiessen, Onnis, Hong, and Lee (2019)

further demonstrated that such probabilistic preferences emerge as a result of SL

during infancy. Finn and Hudson Kam (2008) approached this same issue of learn-

ing biases from an existing language, albeit from a different angle. They showed that

adult’s prior knowledge of co-occurring phonemes, phonotactic regularities, in English

negatively impacted word segmentation ability in an SL task. Specifically, a more use-

ful source of researcher-defined statistical information in an artificial language (i.e.,

co-occurring syllables) was disregarded in favor of English phonotactic regularities.

This led to below-chance performance as participants perceived part-words as real

words in the artificial language. These two examples suggest that prior knowledge

of distributional patterns gleaned from life-long SL of natural language(s) interacts

with statistical information in artificial language input. In this regard, Thiessen et

al. (2016) argue that successful SL of language(s) fundamentally affects what adults

may attend to in a new language, in much the same way as the linguistic environment

changes infant speech perception (e.g., Kuhl, 2004; Zhang, Kuhl, Imada, Kotani, &

Tohkura, 2005).

In reviewing studies for evidence of prior linguistic knowledge in natural and arti-

ficial language learning, it is clear that there are still important gaps in the literature.

Firstly, with respect to natural language experiments, the fact that participants in

past studies had some knowledge of an L2 or Ln form under investigation obfus-

cates how prior knowledge can be utilized in order to help learners adapt and learn

a completely novel language for which they have no a priori expectations about its

structures. Secondly, with regard to artificial language experiments, findings are rele-
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vant insofar as word segmentation is concerned. This leads to two complications. The

first issue is that, despite focusing on statistical information of linguistic elements at

levels other than co-occurring syllables in adults’ known language(s) (e.g., word order

regularities), past studies related this prior statistical knowledge to performance on

a word segmentation task wherein co-occurring syllables in continuous speech had

to be extracted (e.g., Finn & Hudson Kam, 2008; Onnis & Thiessen, 2013; Toro et

al., 2011). It is unclear why participants’ SL abilities to track systematic patterns

of syllables should be guided by their prior statistical knowledge of word order, for

example. The second and more important issue is that, as past studies focused ex-

tensively on statistical word segmentation abilities from exposure to a language that

bears no meaning, it remains to be seen whether distributional patterns that underpin

complex structures from existing language(s) can be utilized to aid participants to

adapt to a similarly complex and meaningful structure in a novel language.

1.3 Adaptation to novel linguistic input

Numerous factors have been shown to affect linguistic transfer, including transferabil-

ity and proficiency (e.g., Kellerman, 1985; Salaberry, 2011). In recent years, a number

of L2/Ln learning theories have begun to consider how prior linguistic knowledge can

constrain sequential L2/Ln acquisition. According to Ellis (2006), who invokes an

associative learning theory in his account, successful L1 learning filters learners’ at-

tention. Learners become attuned to meaningful cues of their L1 and apply those cues

in L2 learning. When cues of the two languages are in conflict, L2 learning is impeded

(see, e.g., Ellis et al., 2014; Ellis & Sagarra, 2010; Sagarra & Ellis, 2013). By the same

token, Thai L1 learners of English, for example, can be expected to apply lexical cues
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from aspect markers in Thai to process and learn morphological cues of tense-aspect

forms in English.

The present dissertation is informed by a hierarchical probabilistic inference frame-

work of L2/Ln learning (Pajak et al., 2016). In this framework, language learning

involves learners conducting implicit probabilistic statistical inference on the input

they receive, with the aim of inferring, learning, or understanding a latent meaning

or structure. This inference is guided by prior beliefs that learners have formed from

SL of language(s) over their lifespan. Building on the extant literature on hierarchi-

cal probabilistic inference in cognitive science (e.g., Griffiths, Chater, Kemp, Perfors,

& Tenenbaum, 2010; Kemp, Perfors, & Tenenbaum, 2007; Perfors, Tenenbaum, &

Wonnacott, 2010), this framework affords L2/Ln researchers an opportunity to tie

linguistic transfer with real-time L2/Ln processing and learning. As language learners

attempt to infer from the input, say, how a novel language encodes past-time mark-

ing, they make use of information about such marking from experience with every

language they have learned prior to the current one. This prior linguistic knowledge

becomes prior expectations that guide L2/Ln learners as they process and learn past-

time marking in an L2 or Ln. For instance, Mandarin L2 learners from an English L1

background may expect that Mandarin would encode past-time marking similarly to

English, with an association between verb and inflection (see Zhao, 2011, for evidence

in support of this notion). In contrast to this group, Thai L1-English L2 bilinguals

who are learning Mandarin as an Ln may generate a number of expectations about

past-time marking in Mandarin, based on experience with both Thai and English.

In this probabilistic inference framework, each of these expectations can be assigned

a probability distribution that reflects learners’ prior experience. Prior expectations

then help learners generate predictions, which are in turn used to facilitate adapta-

tion to novel language input (Fine, Jaeger, Farmer, & Qian, 2013). Expectations can
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change in light of the information in the input. As learners are exposed to more exam-

ples of past-time marking in Mandarin, they can also use the evidence to revise their

prior expectations. This is often referred to as a belief-updating process in Bayesian

cognitive modeling (Kruschke & Liddell, 2018a; Lee & Wagenmakers, 2013).

There is now sizable evidence showing that language comprehenders are remark-

ably able to form expectations, based on beliefs they hold about various aspects of

language, and to revise these expectations incrementally as they adapt to infrequent

or unattested linguistic structures despite not having out-of-laboratory familiarity

with such forms prior to the experiment (Fine et al., 2013; Kaan, Futch, Fuertes,

Mujcinovic, & De la Fuente, 2019; Kamide, 2012; for review see Kuperberg & Jaeger,

2016). Additional evidence also suggests that language comprehenders transfer their

expectations for one construction to another unattested, yet similar structure (Fraun-

dorf & Jaeger, 2016). Likewise, L2 learners with intermediate proficiency have been

shown to generate expectations for L2 input based on statistical patterns of their

L1 (Kaan & Chun, 2018; Montero-Melis & Jaeger, 2019). For instance, Korean L2

learners of English were found to transfer their expectations for a prepositional dative

(e.g., Susan gave the book to Mary) from Korean to English, thus exhibiting a more

pronounced inverse priming effect for a double object dative in English (e.g., Susan

gave Mary the book) (Kaan & Chun, 2018). These studies, however, have focused

on adaptation to infrequent forms in a language of which participants had some or

complete mastery. Through experience with their L1 and —in some case— L2, partic-

ipants may have developed precise prior expectations about how their L1 or L2 works,

which in turn makes adaptation less effortful. It is unclear whether expectations from

previously-learned language(s) can guide adaptation to a novel structure and, if so,

how that transpires in the very initial stages of exposure and early learning, that is,
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in a language with which participants had zero familiarity prior to their participation

in the experiment.

1.4 The present study

In this dissertation, I focus on the learning of statistical regularities of tense-aspect

systems. Specifically, I investigated the extent to which prior knowledge of system-

atic associations that underlie tense-aspect encodings in English and Thai influenced

participants’ adaptation to probabilistic tense-aspect encodings of a miniature lan-

guage. While there certainly are many kinds of statistical information at many levels

of abstraction, the present study is concerned with systematic associations between

two adjacent linguistic elements that express temporal meanings in English and Thai.

We know there is cross-linguistic variation in how languages encode time (Dahl, 1985;

Dahl & Velupillai, 2013). This variation has ramifications for statistical information.

As will be shown in Chapter 2, associations between linguistic units that encode

temporal information in English are different from those in Thai. English combines

inflectional morphology and periphrastic constructions to express tense and aspect

(Dahl, 1985). One grammatical means to denote an event time is to attach inflec-

tional morphemes adjacently to matrix verbs (e.g., talks, walked). Thus, systematic

associations underpinning the English Simple Present and Past are between verbs

and morphemes. Conversely, Thai grammaticalizes aspect periphrastically with the

use of aspect markers. These grammaticalized lexical items can (co-)occur pre- and

post-verbally (Iwasaki & Ingkaphirom, 2005). In encoding aspectual distinctions, sys-

tematic associations between aspect markers, not between verbs and markers, are

established in Thai.
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From a SL perspective, mastering the tense-aspect encoding of one’s native lan-

guage involves tracking dependencies that express temporal information and chunking

those associations into a unitary representation, in much the same way as it is done in

other SL tasks (e.g., Perruchet, 2019). However, since the associations differ between

English and Thai, it is likely that adults from these two L1 backgrounds would end

up forming different meaningful chunks. As adults come to a new language, they may

use systematic associations from their L1 to generate expectations for a novel tense-

aspect encoding. Moreover, because Thai L1 adults have learned English as an Ln to

varying degrees of success, their prior expectation about systematic associations of

the English tense-aspect system can also vary.

In the study reported in this dissertation, I exposed adult participants to a minia-

ture language that expressed temporal meanings probabilistically with both English-

and Thai-analogous tense-aspect encodings. These participants were drawn from two

L1 backgrounds: English and Thai. The English L1 participants were recruited based

on inclusion criteria that made them resemble functional monolinguals, whereas the

Thai L1 participants had varying degrees of English knowledge and thus were func-

tional bilinguals. For Thai participants, their English L2 proficiency was empirically

measured. Over two days of training, participants received four training modules (ap-

proximately 25 minutes each). Immediately after each module, participants completed

a test that assessed their sensitivity to both English- and Thai-analogous encodings.

On the third and final day of the experiment, all participants completed an English

tense-aspect cloze test, which was developed for the present study. The test probed

major English tenses (e.g., present, past, future tenses), and test items that assessed

the English Simple Present and Past were scored to indicate participants’ sensitivity

to systematic associations between adjacent linguistic elements. Thai L1 participants

additionally completed the grammar and vocabulary sections of the Examination for
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the Certificate of Competency in English (ECCE), which assesses a high-intermediate

level of English proficiency. I analyzed responses on the test, which was the primary

outcome of the experiment, for both accuracy and rate of adaptation, via Bayesian

multilevel (or mixed-effects) regression (McElreath, 2016) using the brms package on

R (Bürkner, 2018).

1.5 Contributions

The primary aim of the present dissertation is to elucidate the contribution of prior

linguistic knowledge as a source of probabilistic information that adult L2/Ln users

can utilize during initial exposure to a novel language. It is argued that past SL of

tense-aspect encoding informs expectations that adult learners generate about the

kind of systematic associations that a novel language may utilize in order to encode

temporal information. This form of expectations in turn constrains learners in their

adaptation to novel tense-aspect encodings. The conceptualization of prior linguistic

knowledge and the experiment designed to test it make several important contribu-

tions to theoretical and methodological discussions of adult L2/Ln learning.

Firstly, a SL approach to prior linguistic knowledge provides an opportunity to

explore how to move beyond dichotomous discussions of L1-L2 cross-linguistic in-

fluence that rely on language background as the main relevant variable. Language

contains a highly complex, interrelated set of statistical regularities. There are mul-

tiple kinds of statistical information that underlies each tense-aspect system, and a

binary classification of tense-aspect forms (e.g., the presence or absence of a cor-

responding form in learners’ language) adopted by some form-oriented studies to

investigate temporal marking in L2/Ln learning may not do justice to the complexity

of linguistic knowledge adults possess. The present study, even though reducing the
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complexity of natural tense-aspect systems by sampling a single type of statistics for

testing, treats prior knowledge as probabilistic statistical information. With this dis-

tributional perspective of prior linguistic knowledge, researchers can begin to theorize

what systematic patterns adult learners from a particular language background are

sensitive to and test whether adults rely on that information as they attempt to learn

a novel structure.

Secondly, a miniature language-learning experiment provides an opportunity to

investigate whether prior linguistic knowledge can be recruited to aid learners in their

processing and learning of a novel language of which they have zero experience prior

to the experiment. This paradigm can be of particular relevance to the investigation

of tense-aspect marking in L2/Ln learning. Based on data that were not sampled by

design to address cross-linguistic influence, Bardovi-Harlig (2000) suggested that there

is no effect of prior knowledge on L2 learning of tense-aspect marking. However, recent

studies offer clear evidence that transfer does take place (e.g., Collins, 2004; Gujord,

2017; Murakami & Alexopoulou, 2016). Evidence for the recruitment of tense-aspect

marking from adults’ known language(s) in miniature language learning can bolster

the case for transfer that is not mediated by previous L2/Ln learning experience

outside the lab. There is now growing interest in the use of miniature language-

learning experiment in SLA research (see, e.g., Madlener, 2018), and a few studies

have been conducted to investigate initial learning of form-meaning pairings between

aspectual morphology and verbal predicates (Mueller, 2018).

Lastly but certainly not least, Bayesian data analysis compels researchers to think

critically about a statistical model and its components (i.e., an outcome and a set of

predictors) and to map each predictor onto a model parameter. This process is critical

for Bayesian data analysis as researchers must place a prior on each parameter of

their statistical model. Despite this challenge, Bayesian data analysis is increasingly
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being used in various areas of linguistics (e.g., Gudmestad, House, & Geeslin, 2013;

Levshina, 2016; Nalborczyk, Batailler, Laevenbruck, Vilain, & Bürkner, 2019). It

offers one major benefits to linguistic transfer researchers as well as SLA researchers

that a frequentist analysis with hypothesis testing cannot: Researchers can “mold” a

prior distribution to capture prior knowledge that participants are postulated to have

brought to an L2/Ln learning task or experiment. To offer a detailed roadmap to the

use of Bayesian data analysis in L2/Ln research, I devote Chapter 4 to discussing the

data analysis plan I developed for the dissertation study.
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Chapter 2

Literature Review

Language use is variable. Speakers vary in their pronunciation of sounds, use of words,

and choice of constructions. The region in which speakers grow up, the amount of

education that speakers receive, and the city where speakers reside all play their

part in shaping speakers’ long-term linguistic knowledge and real-time language use.

These extra-linguistic factors can also contribute to variability in linguistic outcomes

among native speakers of a language (see, e.g., Farmer et al., 2012; Qi et al., 2017).

It will come as no surprise that, given variability found in native speakers’ linguistic

knowledge, adult language learners who start learning an additional language, be it

an L2 or Ln, later in life also demonstrate ample individual variation in their L2/Ln

abilities.

What makes adults differ in their late-learned L2/Ln abilities is a point of con-

tention. A large number of factors have been proposed and investigated, from mat-

urational (e.g., Johnson & Newport, 1989; Long, 2013) through environmental (e.g.,

Flege, Yeni-Komshian, & Liu, 1999; Janciauskas & Chang, 2018) to cognitive and

anatomical explanations (e.g., García-Pentón, García, Costello, nabeitia, & Carreiras,

2016; Li, Legault, & Litcofsky, 2014; Pliatsikas, Moschopoulou, & Saddy, 2015). The

present study considers one important factor, prior knowledge from previously-learned

language(s), that leads to observed variability in L2/Ln learning outcomes.
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2.1 Language transfer

Experience with one language alters the way in which people encode and detect infor-

mation in a new language. Any language learner can attest to the influence of existing

sounds, words, or structures in a language s/he knows or speaks on how s/he is able to

learn another. There is now strong scientific evidence from linguistic transfer research

documenting how knowledge a person has in one language affects her knowledge and

use of another (see e.g., Jarvis & Pavlenko, 2008; Odlin & Yu, 2016). Such impact of

existing linguistic knowledge needs not come only from a person’s native language;

a late-learned L2 can influence an Ln and vice versa (see, e.g., de Bot & Jaensch,

2015; Pavlenko & Jarvis, 2002). Moreover, transfer can flow from a less proficient lan-

guage to a more proficient one (Cheung, Matthews, & Tsang, 2011; Kaushanskaya &

Smith, 2016). Language learners not only transfer their knowledge of linguistic forms

or structures from one language to another, as investigated under linguistic transfer

research (Jarvis & Pavlenko, 2008; Rothman, Alonso, & Puig-Mayenco, 2019), but

also transfer their existing conceptualization or construal to a new language (Jarvis,

2011). While a majority of evidence of transfer comes from a language comprehension

and/or production task, there are a growing number of processing studies combining

online behavioral and neurophysiological data (Frenck-Mestre et al., 2019; German,

Herschensohn, & Frenck-Mestre, 2015; Yao & Chen, 2017). In recent years, the scope

of transfer research has broadened, with new advances in research methodology, lead-

ing to a more refined understanding of the impact of prior linguistic knowledge on

L2/Ln learning (Jarvis, 2016).

One area where new discoveries in linguistic transfer have challenged a long-held

view is tense-aspect marking, the linguistic area under investigation in the present

study. Bardovi-Harlig (2000) surveyed published studies in her book-length review of
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the longitudinal development of L2 tense-aspect marking and claimed to have found

no effect of language transfer. She cited evidence from form-oriented and meaning-

oriented studies to show that L2 learners from different L1 backgrounds exhibited a

similar profile of acquisition sequences with respect to English past-tense forms as

well as a similar pattern of form-meaning pairings between tense-aspect morphology

and verb semantics. Empirical evidence since the 2000 review, however, has challenged

Bardovi-Harlig’s claim. In Section 2.4.2, I will discuss a body of studies that has clearly

established the influence of learners’ existing knowledge of tense-aspect marking on

their knowledge and use of tense-aspect forms in another language.

While there have been numerous proposals in SLA to explain variability in L2

morphosyntactic learning, ranging from linguistic operations (Lardiere, 1998; Prévost

& White, 2000) to inherent characteristics of forms (DeKeyser, 2005), an associative

learning account by Ellis (2006) is related to the current discussion. This is because

it has spurred many studies that deal specifically with transfer of tense-aspect forms.

Ellis (2006) argues that difficulties in acquiring L2 morphosyntax, including tense-

aspect marking, stem from L1 interference, overshadowing, and blocking. Following

Kruschke and Blair (2000), cue blocking is invoked to elucidate the challenges learners

face in learning L2 tense-aspect forms. Kruschke and Blair utilized a disease diagnos-

tic task in which participants learned to associate symptoms (or cues in associative

learning theories) with a disease, which is an outcome. They found that when an

association was established between one cue (e.g., cueA) and the outcome, subse-

quent pairing between another cue (e.g., cueB) with the same outcome did not lead

participants to equally prefer both cueA and cueB as plausible symptoms of the dis-

ease. Furthermore, when this second cue was paired with one other cue (e.g., cueC)

to jointly predict a new disease, participants overwhelmingly used the cueC . This

response pattern, Kruschke and Blair (2000) argued, demonstrates learned inatten-
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tion in which associability of cue and outcome is mediated by the level of attention

each cue receives. For specific stimulus-response configurations (e.g., cueA → 1 and

cueAcueB → 1), weaker attentional strength was given to cueB, and this affected the

association between the cueB and the outcome.

Ellis (2006) draws a parallel between learned inattention in the disease diagnos-

tic task and the task of L2 learning of tense-aspect marking. According to Ellis,

when learning an additional language, adults whose L1 expresses temporal informa-

tion through temporal adverbials may attend only to deictic-time words (e.g., yester-

day and tomorrow) and ignore morphological inflections altogether (see also Ellis &

Sagarra, 2010). That is, this phenomenon of learned inattention is argued to manifest

itself in negative transfer effects from L1 to L2.

Ellis and his colleagues tested this claim in a series of experiments with

Latin, comparing learners from different L1 backgrounds —with and without tense

morphology— as they learned temporal expressions in Latin (e.g., Ellis et al., 2014;

Ellis & Sagarra, 2010). In these studies, a small subset of Latin phrases combining

verbs (e.g., cogito “I think” and cogitavi “I thought”) and adverbs (e.g., hodie “today”

and heri “yesterday”) were used to form expressions in past, present and future tenses.

As a result, the two cues that appeared in each Latin phrase were morphological

(i.e., -o and -avi) and lexical (i.e., hodie and heri), respectively. In Ellis and Sagarra

(2010), English native-speaking participants were first divided into two pre-training

groups; one received training on Latin adverbs along with their English translation

while the other, on inflected verbs and their translation. After the pre-training phase

ended, participants were exposed to congruent adverb-verb combinations (e.g., hodie

cogito and heri cogitavi). At test, participants saw both congruent and incongru-

ent combinations (e.g., hodie cogitavi) and were asked to judge if each expression

referred to past, present, or future time. Participants who were pre-trained with ad-
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verbs primarily relied on adverbs and judged incongruent combinations using adverb

meaning. The opposite pattern was found with the other group who was pre-trained

with verbs; participants relied on verbs to judge incongruent combinations. Ellis and

Sagarra used these results to argue that when adverbial cues such as deictic-time

words are learned early (e.g., through L1 acquisition), they block the acquisition of

morphological cues found in an L2/Ln.

Sagarra and Ellis (2013) extended this line of work to a foreign language-learning

context by testing not only English native speakers but also native speakers of

morphological-rich languages (e.g., Romanian, Russian), all of whom were L2 users

of Spanish. Utilizing an eye-tracking reading experiment, the researchers hypothe-

sized that participants with Romanian and Russian as L1s would fixate substantially

more on morphological cues as they read Spanish sentences containing either con-

gruent adverb-verb or incongruent adverb-verb pairings. The eye-tracking results

in incongruent combinations, however, paint a more complicated picture. Whether

or not their L1 is morphologically rich, participants considered both adverbs and

verbs. Specifically, participants from both morphologically-rich (i.e., Romanian and

Russian) and morphologically-poor (i.e., English) L1s fixated on and regressed to

verbs as often as they did to adverbs. This pattern was more clearly observed when

verbs were the second element in incongruent adverb-verb expressions (as opposed

to the verb first in the verb-adverb order). In addition, the experiment was run with

monolingual speakers of the three languages; they read the same set of sentences in

their respective L1. It was found that monolingual speakers fixated more on verbs

irrespective of their L1 morphological status.

The studies by Ellis and colleagues attempted to show that well-documented dif-

ficulties among L2 learners in acquiring, for example, the -ed inflection stem from

adults relying significantly on early-learned cues from their L1s. Nonetheless, a num-
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ber of limitations in the design of these aforementioned studies open the door to

alternative interpretations and cast doubt on such a notion.

Firstly, by means of pre-training, participants in the adverb group in Ellis and

Sagarra (2010) and Ellis et al. (2014) were exposed to more instances of adverbs

than inflectional morphemes. Conversely, participants in the verb group received more

instances of verbs plus inflections than adverbs. This unequal amount of input between

the two groups was not controlled for in the overall design of the experiments. As a

result, as Paul and Grüter (2016) argue, participants’ reliance on adverb or verb cues

could have resulted from being exposed to the cue more, not being exposed to it first,

providing evidence for a frequency effect rather than a cue-based effect, for which

Ellis and colleagues argued.

Secondly, as part of the pre-training, participants were tested on their compre-

hension of Latin adverbs (or verbs) and received feedback on their correct responses.

Consequently, by the end of the pre-training phase, participants may have had a firm

grasp of the form-meaning mappings of one set of words but not necessarily the other.

The fact that they relied on pre-trained items to judge incongruent phrases during

test could have been an inevitable consequence of this unbalanced form-meaning map-

pings, rather than cue blocking. One alternative interpretation of the findings could

be that learners utilized what was more informative, not early-learned, in the input

to judge incongruent phrases. In fact, any rational learner would rely on a more infor-

mative cue to make decision as it leads to better uncertainty reduction (see Ramscar

& Port, 2015, for discussion).

The present dissertation features a design that took great pains at ensuring inter-

pretations could be made about prior knowledge of tense-aspect marking that may

be carried into early learning, with amount of exposure or informativeness of cues

being constant. Moreover, it analyzed tense-aspect encoding of English and Thai,
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the two L1s of the study’s participants, as systematic associations between linguis-

tic units that jointly encode temporal meanings. Such analysis differs from previous

studies that considered each tense-aspect form (e.g., inflectional morpheme or aspect

marker) in isolation. In keeping with this analysis, the argument is that systematic

associations were transferred to a miniature language as a result of expectations adult

learners formed. In the rest of this section, I provide a theoretical rationale as to why

systematic associations between tense-aspect forms and their co-occurring linguistic

elements should be the focus of analysis.

In many of the studies reviewed here and those reviewed later in Section 2.4.2, the

following steps are often taken as researchers investigate L1 transfer in L2/Ln tense-

aspect marking. As a first step, researchers usually begin by considering whether a

temporal meaning under investigation is grammatically encoded in a source (e.g.,

learners’ L1) and target language (e.g., an L2 or Ln). If it is, researchers may addi-

tionally ask if the encoding of each language is lexical or morphological. To illustrate,

in a hypothetical study with Mandarin-speaking learners of English, an investigator is

interested in the L1 effect on the production of the English Progressive. This investi-

gator may argue that English uses the -ing inflection while Mandarin employs lexical

items, zài and -zhe, to denote a continuous reading (Liu, 2015; Xiao & McEnery,

2004). After this linguistic analysis is completed, what researchers often do next is to

decide whether there is a form in a source language that is functionally analogous to

the one in a target language. If there exists a corresponding form, researchers may

conclude that the target form is present in learners’ language(s), otherwise absent.

To continue with our example, an investigator may claim that English and Mandarin

both have the progressive form, namely -ing for English and zài/-zhe for Mandarin

(see, e.g., Yao & Chen, 2017, for an example).
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One fundamental issue with the aforementioned analysis of tense and aspect is

that as transfer researchers are largely concerned with establishing corresponding

forms between languages, they may inadvertently fail to consider other equally, if

not more, important fact of language that will affect the superficial correspondences:

the conditional statistics that characterize all language (Erickson & Thiessen, 2015;

Thiessen et al., 2016).

Tense-aspect forms within a language entail co-occurring linguistic elements. In

every area of language, there exist systematic patterns: Sounds cluster, syllables co-

occur, words attract one another, and so on. No single linguistic element stands alone.

The same can also be said about tense-aspect forms. In English Simple Present, for

example, verbs form an association with inflection (i.e., verb-s). As verbs and inflec-

tion pattern together, they form a complex, partially-filled construction, a learned

form-function pairing (Goldberg, 2006). In fact, this form of grammatical relation,

or schema, has long been argued by usage-based scholars to play a fundamental role

in the acquisition of tense-aspect forms (Bybee, 2010; Croft & Cruse, 2004) but the

idea of a schema has never been fully considered as part of linguistic knowledge that

adult learners can recruit to aid their learning of L2/Ln tense-aspect marking. In

her exemplar model, Bybee (2010) argues for item-based learning of inflections (e.g.,

plural -s and past-tense -ed) and ties the development of each inflection to linguis-

tic units with which it is frequently paired. For instance, if the 3psg -s form appears

highly frequently with love but less so with talk than the progressive in the linguistic

input a child receives, she should produce the -s form more accurately with love than

with talk. Blom et al. (2012) offered empirical evidence in support of this view. In

their study with child L2 learners of English, the authors showed that the strength

of associations between verb and the 3psg -s morpheme, as measured by frequency of

co-occurrences, predicted children’s accurate production of the inflection. The find-
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ings thus suggest that tense-aspect forms are acquired not as a separate, individual

item but rather as part of a unit.

As we consider systematic associations that tense-aspect forms exhibit with other

linguistic elements, we can begin to see that languages differ markedly in how such

patterning is realized in order to express temporality. An example is discussed here

to illustrate some differences between English and Thai in terms of systematic associ-

ations, while a more detailed analysis is provided in Section 2.4. English utilizes vari-

ous ways to encode tense and aspect, resulting in numerous types of associations. As

shown above, in one set of tense-aspect encoding, morphemes are attached adjacently

to matrix verbs (e.g., loves, walked), and these two elements form an association to

mark a past or present event. In another set of encoding, the English Progressive,

copula be forms a non-adjacent relation with the progressive -ing form as verbs in-

tervene between the two elements. Conversely, as an aspect language, Thai encodes

aspect with a large set of aspect markers (Koenig & Muansuwan, 2005). Markers can

appear independently or, more importantly, jointly. For instance, in Example 1 below

(from Iwasaki & Ingkaphirom, 2005), the adjacent association between sèt and lÉEw

is formed to encode a completion reading, with an emphasis on the relevance of the

completed action to the current situation. It can be seen that in encoding aspectual

distinctions, associations are established between markers, not between verbs and

markers.

(1) Wímon
(name)

kȟian
write

raay-Naan
report

sèt
finish/asp

lÉEw
already

‘Wimon has finished writing a report’

In reality, because every natural language employs a myriad of ways to express

temporality, it is likely that there will be multiple layers of associations between lin-

guistic units that participate in encoding temporal meanings. For instance, temporal

24



adverbials can form another layer of associations with a verb-inflection pairing in

English (e.g., I walked ten miles last weekend), in which case the verb-inflection

pairing and the adverbial combine to indicate a specific time frame of the past event.

This analysis, albeit cursory, should make it clear that there is a great deal more to

a tense-aspect system than a collection of individual morphemes or markers. When

researchers focus squarely on the presence or absence of a corresponding form in learn-

ers’ L1 (or any known language), many fine-grained details of a tense-aspect system

can go undetected. Two decades ago, Dietrich, Klein, and Noyau (1995) observed an

overemphasis on tense-aspect morphology in research into L1 and L2 temporal ex-

pressions as researchers prioritized the investigation of inflectional morphemes over

other means (e.g., temporal adverbials or verb clusters). They argued that this in-

flection bias presents an incomplete picture of what learners know and how they

develop their knowledge of tense and aspect. A similar argument can be made about

an overemphasis on establishing corresponding forms between languages, which may

prevent researchers from fully learning about tense-aspect knowledge adult L2/Ln

learners possess and transfer to a new language. In this dissertation, I thus sought to

broaden the scope by considering whether systematic associations between linguistic

units that encode time in English and Thai were utilized as prior knowledge during

initial exposure to a novel language with which adult learners had zero familiarity.

How do language learners discern systematic associations that are present in a

myriad of areas of natural language? What learning mechanisms are responsible for

such ability? I turn now to statistical learning literature in order to review these issues

in more detail.
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2.2 The statistical learning approach to language acquisition

The term statistical learning (SL) refers to an organism’s ability to identify regulari-

ties from sensory stimuli as well as to acquire the knowledge of contingencies between

elements and use those learned pairings, either independently or jointly, to form rep-

resentations of the external world (Armstrong, Frost, & Christiansen, 2017; Aslin,

2017). As linguistic and visual environments of the natural world contain highly sys-

tematic structures (Clerkin, Hart, Rehg, Yu, & Smith, 2017; Siegelman, 2020), it is

no surprise that SL abilities are documented in many areas of cognition such as music

(Pearce, 2018), vision (Turk-Browne, Jungé, & Scholl, 2005), and language (Rebuschat

& Williams, 2012); with child (Saffran & Kirkham, 2018) and adult learners (Thiessen

et al., 2016); and in clinical (Lammertink, Boersma, Wijnen, & Rispens, 2017) and

normal population (Erickson & Thiessen, 2015). Proffered as domain-general compu-

tational principles, SL provides a parsimonious account of processing and learning of

input across spatial and temporal dimensions (e.g., Arciuli, 2017; Frost et al., 2019;

Frost, Armstrong, Siegelman, & Christiansen, 2015).

For language acquisition, a pioneering SL study by Saffran, Aslin, and Newport

(1996) investigated 8-month-old infants’ ability to segment word-like units from ar-

tificially constructed linguistic stimuli that bore no meaning. Subsequent SL experi-

ments following this landmark study, particularly those with adult participants, have

employed a similarly standard exposure-and-test paradigm. Designs are typically as

follows. Firstly, participants are exposed, over a brief familiarization phase, to linguis-

tic, auditory, or visual stimuli (typically carrying no meaning) that have researcher-

defined predictable associations between elements or that conform to a structure of

an artificial grammar. The input presented during exposure contains only a handful

of predictable patterns. Subsequently after exposure, participants are tested on their
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recognition of statistical patterns often by means of a two-alternative forced-choice

(2AFC) test (see, e.g., Christiansen, 2019). In this setup, participants are presented

with a series of test questions and instructed to choose one out of two options that

conforms to the statistical regularities of the input. In many studies, test questions

are repeated a few times (see Siegelman, Bogaerts, & Frost, 2017, for discussion).

For each participant, accuracy is obtained, and above-chance performance at a group

level is suggestive of learners’ sensitivity to and knowledge of statistical structure of

the input.

SL experiments with linguistic stimuli are designed to test specific claims as to

whether learners can track and extract statistical regularities from exposure to an arti-

ficial language. A vast body of research has shown that SL mechanisms can be used to

learn phonotactic regularities (e.g., Bernard, 2017; K. E. Chambers, Onishi, & Fisher,

2003), words (e.g., Hay, Pelucchi, Graf Estes, & Saffran, 2011; Yu & Smith, 2007),

and syntactic structures (e.g., Thompson & Newport, 2007; Wonnacott, Newport,

& Tanenhaus, 2008). That participants are able to evince patterns from the input

is taken as evidence that various areas of language can be learned from experience

(Siegelman, 2020) and that this SL ability, particularly in infants and preschool chil-

dren, can subserve monolingual child L1 acquisition (Armstrong et al., 2017; Erickson

& Thiessen, 2015; Saffran & Kirkham, 2018). This latter point is further strengthened

by the finding that SL ability may operate from birth (Teinonen, Fellman, Näätänen,

Alku, & Huotilainen, 2009) and can be long-lasting (Arciuli & Simpson, 2012; Hup-

bach, Gómez, Bootzin, & Nadel, 2009; Kim, Seitz, Feenstra, & Shams, 2009). Also, SL

performance is found to correlate with children’s actual language development (e.g.,

E. Kidd & Arciuli, 2016). Conversely, clinical population show signs of SL deficits

(e.g., Gabay, Thiessen, & Holt, 2015; Hsu, Tomblin, & Christiansen, 2014).
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Like infants and children, adults also demonstrate remarkable sensitivity to

researcher-defined regularities in an artificial language. In fact, since the early day

of SL research (Saffran, Newport, & Aslin, 1996), experiments have been conducted

with adults, and findings from these participants are deduced in order to infer about

SL mechanisms that may be exploited by children to learn their native language

(see, e.g., Frost et al., 2019). In recent years, SL ability in adult language learners

has become a focal point of investigation, with a greater number of studies exploring

the relationship between SL ability and L2 development (e.g., Ettlinger, Morgan-

Short, Faretta-Stutenberg, & Wong, 2016; Potter et al., 2017). If SL mechanisms

are fundamental to language learning as has been argued, they should play a role

in all learning scenarios irrespective of learning contexts or age groups. Two recent

studies have offered support to this view. Onnis, Frank, Yun, and Lou-Magnuson

(2016) showed that the extent to which Korean-speaking learners of English were

sensitive to statistical regularities of an artificial language that resembled word order

in English predicted their online processing of English sentences. Likewise, Frost,

Siegelman, Narkiss, and Afek (2013) demonstrated that visual SL performance in

English-speaking learners of Hebrew predicted their word-reading ability in Hebrew.

Because of the simplified nature of an artificial language, which often has no mean-

ing, scalability to real-world natural language-learning scenarios is one of the major

issues in SL research. This issue is particularly important in L2/Ln learning as SL

experiments with adult L2/Ln learners aim to generalize to L2/Ln acquisition (e.g.,

Madlener, 2018). To address this concern, recent studies have begun to scale up by

testing SL in real-world settings with the use of natural language. In one of these

studies, Zuhurudeen and Huang (2016) tested Arabic learners, whose sole exposure

to Arabic came from rote memorization of the Qur’an, on their ability to identify co-

occurring Arabic word sequences after brief familiarization with the input. As these
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Qur’an memorizers were not taught the meaning of the text they recited for religious

purposes, they resembled participants in an SL experiment who were trained with an

artificial language that had no meaning. It was found that Qur’an memorizers were

reliably able to distinguish grammatical sequences from ungrammatical ones. The

findings thus suggest that SL mechanisms can operate in natural language learning

outside laboratory settings (see also Shoaib, Wang, Hay, & Lany, 2018). Another set of

studies addresses the issue of scalability by comparing neural responses of participants

as they perform an SL task and a language comprehension task. Christiansen, Con-

way, and Onnis (2012) showed that violation of statistical regularities in an SL task

elicited P600 component similar in amplitude and scalp topography to that found in

a syntactic violation in an English sentence comprehension task (see also Daltrozzo et

al., 2017). In a slightly different paradigm, Weber, Christiansen, Petersson, Indefrey,

and Hagoort (2016) had participants learned word order structures of a miniature

language. One structure was similar to Dutch, participants’ native language, while

the other was a completely novel word order. Functional imaging was taken as partic-

ipants studied the miniature language and completed language tests inside a scanner.

The authors found that processing Dutch-like and novel word order structures of

the miniature language elicited activation patterns in the left inferior frontal gyrus

(LIFG) and medial temporal gyrus/superior temporal gyrus (MTG/STG) similar to

those observed during syntactic processing of natural languages.

With over two decades of research into SL abilities of human learners, there is

now a strong interest among researchers to delineate computational principles un-

derlying human sensitivity to the statistical structures in the environment. Broadly

speaking, there are two distinct, yet complimentary views of SL mechanisms (e.g.,

Christiansen, 2019). The point of contention between these two approaches is whether

human learners compute and extract statistical information from sensory stimuli, in-
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cluding language, or form perceptible units by chunking the input. Perruchet and

colleagues (e.g., Perruchet, 2019; Perruchet & Pacton, 2006) have long argued from

implicit learning literature for the latter position, namely, that sensitivity to statis-

tical regularities documented in adults and children stems from chunking, which is

one form of associative learning. In contrast, other researchers (e.g., Shoaib et al.,

2018; Swingley, 2005) side with the former position and maintain that computation

of statistics is essential for word segmentation from continuous speech. However, sta-

tistical computation and chunking need not be mutually exclusive; recent evidence

reported by Siegelman, Bogaerts, Armstrong, and Frost (2019) suggests that both

processes were employed in a visual SL task. However, the degree to which statistical

computation or chunking was used varied among participants. In this dissertation,

I discuss in more detail one proposal of how SL mechanisms work that considers

both statistical computation and chunking perspectives: the extraction and integra-

tion framework (Erickson & Thiessen, 2015; Thiessen, Kronstein, & Hufnagle, 2013).

I chose to do so because of its connection to language acquisition as well as its en-

compassing focus on statistical regularities instantiated in an artificial language in

previous SL experiments.

The two processes, extraction and integration, are described by Thiessen and

colleagues in terms of principles of long-term memory. Extraction refers to the process

whereby elements of co-occurring (adjacent or non-adjacent) units, such as syllables,

are chunked together. The extraction process is sensitive to conditional statistics,

which specify the likelihood of an event B given information about whether some

other event A has occurred. Pairwise transitional probabilities (TPs) are a prime

example of conditional statistics (see Section 2.2.1 for more detail). On the other

hand, integration refers to the process by which multiple instances of an extracted

element are combined to form a central unit and create prototypical information (e.g.,
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a phoneme /b/ as opposed to /p/) (Thiessen & Pavlik, 2013). The integration process

is sensitive to distributional statistics, which assess central tendency and variability of

members of some population such as frequency and variability. A bimodal frequency

distribution of voice onset time (VOT) values of two phonetic categories, [b] and

[p], is a clear example of distributional information in language. Maye, Werker, and

Gerken (2002) showed that infants exposed to a bimodal distribution of two phonetic

categories learned to reliably discriminate the two categories, while infants exposed

to a unimodal distribution were not able to do so.

Although these two processes of extraction and integration are sensitive to different

kinds of statistics, they work in unison for a computational purpose. Thiessen et al.

(2013) maintain that statistically coherent units (e.g., syllables or words) extracted

from continuous speech are integrated, and central tendency (e.g., a mean or mode)

and prototypicality of a specific set of units identified. These prototypical members

can then be used to guide subsequent extraction.

It is important to note that the extraction and integration framework has been

primarily discussed vis-à-vis SL of adjacent linguistic units. There is extensive evi-

dence for SL of non-adjacent linguistic units in natural (e.g., Sandoval & Gómez, 2013;

Santelmann & Jusczyk, 1998) and artificial languages (e.g., Gómez, 2002; Perruchet,

Tyler, Galland, & Peereman, 2004; van den Bos, Christiansen, & Misyak, 2012) as

well as for algorithmic instantiation of the learning of long-distance non-adjacent units

(e.g., Onnis, Destrebecqz, Christiansen, Chater, & Cleeremans, 2015). More impor-

tantly, more recent evidence has additionally shown that learners can track both

adjacent and non-adjacent units (Romberg & Saffran, 2013; Vuong, Meyer, & Chris-

tiansen, 2016). As can be seen in Section 3.3, tense-aspect encodings of the miniature

language in this dissertation were designed to instantiate associations between adja-
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cent linguistic elements, leaving non-adjacent relations for future investigation. In the

following section, I thus consider SL of adjacent linguistic units in more detail.

2.2.1 Statistical learning of adjacent linguistic units

Numerous SL studies have shown that various areas of natural language can be char-

acterized by a complex set of statistical structures (e.g., Chetail, 2017; Onishi et al.,

2002). The extant literature on usage-based approach to language acquisition has ad-

ditionally documented remarkable sensitivity of native and non-native speakers of a

language to complex statistics at many different levels of language, from frequency

of words and multiwords (Ambridge, Kidd, Rowland, & Theakston, 2015; Arnon &

Snider, 2010; Ellis, 2002) to surprisal of a complementizer that clause (Jaeger, 2010;

Wulff, Gries, & Lester, 2018). The bulk of SL research with linguistic stimuli, however,

has concentrated on learners’ sensitivity to pairwise TPs. The tense-aspect encodings

of the miniature language in the present study were also expressed by this very same

statistic. In this section, therefore, I focus exclusively on instances where successful

SL of artificial language depends on participants developing sensitivity to TPs of

adjacent elements.

As one form of conditional statistics, TPs express the likelihood or predictability

of one element given another. TPs can be obtained from frequencies of co-occurrences.

For instance, to find out how likely it is for the word dog to appear when the article

the is present, we obtain the frequency of the phrase the dog from, say, a corpus of

child-directed speech. Next, we divide that frequency by the frequency of the word

the alone to obtain TPs of dog given the, TP(dog|the) =
frequency[the dog]

frequency[the] . In addition to

forward TPs, one can compute backward TPs in order to learn how likely it is for

the to appear given dog, TP(the|dog) = frequency[the dog]
frequency[dog] . The notion behind TPs came

from a seminal study by Harris (1955), who demonstrated “peaks and troughs” of
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English phonemes. Some phonemes are more likely to appear together while others

almost never do. This surface distribution of phonemes can thus provide information

as to where unit boundaries can be placed to segment phonemes into morphemic

units. When Harris’ analysis is extended to word segmentation, it has been noted

that word boundaries tend to be located where predictability of successive syllables

is the lowest. For example, how do we know that the phrase prettydoggy consists of

two words, pretty and doggy? In English, it is more likely for the syllable ty to follow

pret than to begin a word with the second syllable being dog, as in tydog. To put it

differently, TPs between word-internal syllables are usually higher than those between

syllables that straddle a word boundary.

This understanding informed the design of the artificial language in Saffran, Aslin,

and Newport (1996) and of many others that followed (see Frost et al., 2019, for a

review). In that landmark study, 8-month-old infants were familiarized with a contin-

uous stream of an artificial language. There were four trisyllabic nonce words in this

language (i.e., bidaku, padoti, golabu, and tupiro). The only informative cue to seg-

menting the stream into word-like units was the TPs between syllables. Word-internal

TPs were equal to 1 while TPs between two syllables that straddled a boundary was

0.33. After the exposure, infants were presented with test pairs, each consisting of

words and non-words (e.g., bidaku vs. kupado). These young learners were able to

reliably discriminate words from part-words, as evidenced in their longer listening

time to part-words. In a companion paper, Saffran, Newport, and Aslin (1996) tested

monolingual English speakers from a college-age population with a similar research

paradigm. Participants, however, were exposed to a larger inventory of six trisyllabic

words (i.e., babupu, bupada, dutaba, patubi, pidabu, and tutibu) in running speech of 21

minutes (split in three 7-minute blocks). In this experiment, TPs were still the only

cue to discovering words in the language, with word-internal TPs ranging from 0.3
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to 1.0. The TPs between syllables crossing a word boundary were manipulated to be

even lower and ranged between 0.1 and 0.2. After familiarization, participants were

presented with a 2AFC test and instructed to discriminate words from part-words.

Their performance, like that of the infants, was reliably above chance.

These two studies constitute an initial piece of evidence for, as well as proof of

concept of, sensitivity of human learners to statistical structure in language. Subse-

quent studies that investigate statistical word segmentation have expanded on these

initial studies in two important ways. Firstly, researchers have shown that statistical

cues can be used in conjunction with linguistic ones to help infants discover word

boundaries (Sahni, Seidenberg, & Saffran, 2010; Thiessen & Saffran, 2003). Secondly,

in addition to forward TPs, learners can track backward TPs, demonstrating their

ability to discriminate words from part-words when a statistical cue in an artificial

language was backward TPs (Pelucchi, Hay, & Saffran, 2009; Perruchet & Desaulty,

2008).

Is SL only useful for word segmentation? It is clear that words need to be seg-

mented from continuous speech before learners can begin to use them to learn other

aspect of their native language(s). However, if sensitivity to statistical structure of

language is only useful for word segmentation, the argument that SL mechanisms, par-

ticularly sensitivity to pairwise TPs, can support language learning will be severely

weakened. To address this concern, researchers have investigated whether learners are

able to use TPs between adjacent words as a statistical cue to discovering syntactic

regularities of an artificial language. To date, the evidence has shown that this is

possible.

One of the first study to address SL of syntactic structures comes from Saffran

(2002) who recruited monolingual English-speaking adults to learn two artificial lan-

guages generated from a context-free grammar. In one language, associations between
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adjacent words were established within each clause (e.g., in an AD clause, if D-class

words are present, A-class words must precede them). As a result, the backward

TPs(A|D) was always equal to 1.0. On the contrary, the other language did not pos-

sess strong predictable associations between elements (e.g., when D-class words are

present, A-class words may or may not be). After the exposure phase, participants

were then tested on their ability to discriminate grammatical from ungrammatical

sentences. In this study, illegal sentences violated a phrase-structure rule (e.g., D-

class words following B-class words rather than A-class items). Participants who were

assigned to learn a predictive language performed significantly better on the test than

those exposed to the other language. Saffran argued that predictability between lin-

guistic elements within clauses, which is prevalent in natural languages, acts as one

important cue for language learners to find a boundary of phrase structures in their

native language.

Saffran and Wilson (2003) followed up on Saffran (2002), testing whether 11- to

12-month-old monolingual infants were able to use statistical information in the input

to learn a simple grammar of an artificial language. The grammar was a sequential

order of word classes (e.g., A-B-C-D-E). Two disyllabic words were attested with

each class (e.g., dato and kuga for the A class). Each sentence of the language was

constructed by joining five disyllabic words together, one for each class, with no

pause between them. Infants were presented with 16 sentences repeated twice during

familiarization, before being tested on their discrimination of grammatical sentences

from ungrammatical ones. To construct ungrammatical sentences, the positions of B-

and D-class words were switched to create a transition that was not attested during

exposure (e.g., A-class words to D-class words and C-class words to B-class words),

thus rendering TPs of zero. At test, Saffran and Wilson found that infants listened
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significantly longer to grammatical sentences, indicating that these young learners

were able to rely on statistical information to learn a sentence structure.

Thompson and Newport (2007) extended this research further and tested mono-

lingual English-speaking adult participants on their learning of an artificial language

with an optional phrase rule. In this study, the language was built from small phrases

grouped in three distinct pairs (i.e., AB, CD, and EF); each letter here can be replaced

by monosyllabic CVC “words.” The rule stipulates that each pair can be dropped, but

grammatical sentences must have at least two pairs (e.g., ABCD, CDEF, ABEF, or

ABCDEF). This design yields perfect phrase-internal TPs of 1.0 but creates dips in

TPs between phrases. For instance, B can be followed by C or E words. Like Saffran

(2002), participants exposed to this language were able to identify correct phases as

well as sentences of the language when the only informative cue was the pattern of

TPs within and between phrases.

The evidence presented in this section has shown that human learners are sensitive

to TPs between adjacent linguistic units. Furthermore, this form of sensitivity enables

learners to identify not only words from continuous speech but also syntactic struc-

tures of an artificial language. It is important to note that these findings are obtained

from SL experiments that expose participants to statistical regularities (bearing no

meaning) in one single batch before testing them on their abilities to identify words

and/or grammatical strings from part-words and/or ungrammatical strings. In natural

language learning, learners are exposed to (meaning-bearing) statistical regularities in

a piecemeal fashion. Accordingly, they must extract statistical information from the

input available to them at a given moment and constantly update learned patterns

in light of new statistical information. Language learning in real-world settings thus

raises fundamental questions about SL. Is SL ability impacted by prior learning? If
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it is so, in what ways does prior knowledge influence SL ability? I turn to the next

section to consider these questions in more detail.

2.2.2 Prior linguistic knowledge of statistical regularities as prob-

abilistic constraints in statistical learning

The ability of human learners to detect statistical information in sensory input is

constrained, both by the nature of the information that can be processed by the

brain (Frost et al., 2015; C. Kidd, Piantadosi, & Aslin, 2012; Thiessen, 2011) and by

cognitive and/or communicative biases that learners bring to the experiment (Aslin,

2017; Ferguson & Lew-Williams, 2016; Toro, Sinnett, & Soto-Faraco, 2005). In this

dissertation, I focus on one constraint that has been consistently shown to affect

adult learners’ ability to detect regularities embedded in an artificial language: prior

linguistic knowledge.

Since its early days, SL research has been conducted not only with infants and

children but also with adult learners. Against the backdrop of a long-running debate

in cognitive science involving qualitative differences between child and adult learn-

ers, a number of SL studies have sought to compare children with adults in their SL

abilities (e.g., Hudson Kam & Newport, 2005; Siegelman & Arnon, 2015; Thiessen et

al., 2016; C. Yang & Montrul, 2017). Of particular interest to the current discussion

is the contribution of adults’ prior expectations to their performance on SL tasks.

Thiessen (2010) examined the effect of combining linguistic and visual cues in SL

performance of children and adults. Child and adult participants were trained on an

artificial language of Saffran, Aslin, and Newport (1996). During a familiarization

phase wherein a continuous speech stream was presented, each word of the artificial

language was synchronized with a visual shape. Adult learners were significantly bet-

ter at identifying words from continuous speech when they were given correlated cues
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than when the linguistic cue was presented alone. In contrast, child learners could not

take advantage of this combination of cues; they performed equally the same with or

without the visual shapes. Thiessen hypothesized that adults have prior expectations

about how words and objects are related and can rely on this knowledge to aid them

in their identification of artificial language words. However, one could argue that ex-

pectations that adult participants bring to bear on SL experiments can also be about

the nature of the experiment itself. That is, adults may expect that what they see or

hear in the input is what they need to learn. Moreover, Perfors (2016) hypothesized

that this expectation may lead adults to probability-match inconsistent input. Per-

fors tested this hypothesis by manipulating task instructions given to adult learners

of a miniature language. In this language, each word appeared probabilistically with

five affixes. One of these affixes, nonetheless, occurred 60% of the time in the input.

In one set of task instructions, participants were told that the language they were

about to learn contained some mistakes. Perfors found that with such instructions

participants were less inclined to reproduce the exact distribution of affixes. Instead,

they regularized the language by producing the most frequent affix more than 60% of

the time. By providing the instructions that changed adults’ expectations about the

nature of the language, Perfors made her adult participants performed in much the

same way as child learners did in Hudson Kam and Newport (2005).

Not only do adults bring generic expectations to bear on SL experiments, they

can also utilize specific expectations regarding statistical information of their exist-

ing language(s) to identify novel patterns in an artificial language. Just like L2/Ln

learning with natural languages, learners of an artificial language can draw on their

knowledge of how sounds, words, or structures pattern with one another from their

previously-learned languages (e.g., Hamrick & Sachs, 2018). Despite this important

contribution of prior linguistic knowledge, SL abilities are more often than not as-
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sessed in terms of how well the learners can identify regularities from the input. This

assessment is predicated on the assumption that any observed sensitivity is a reflec-

tion of an organism assimilating to the statistics of the sensory input (Frost et al.,

2019; Siegelman, 2020). According to Siegelman et al. (2018), this tabula rasa as-

sumption may be a reasonable working assumption when participants are put in a

learning scenario in which their prior expectations from real-world settings are of little

use or non-existent. One example of this scenario is from a visual SL task with co-

occurring arbitrary shapes (e.g., Turk-Browne et al., 2005). The fact that systematic

associations of these shapes can be tracked, given a moderate level of task complexity

(C. Kidd et al., 2012), suggests that SL mechanisms are guided by statistical infor-

mation in the input. However, the tabula rasa assumption is almost never possible in

SL experiments with linguistic stimuli as participants’ abilities to extract regularities

are extremely likely to be mediated by their expectations regarding how languages

work.

In the last decade, substantial evidence has emerged indicating that prior lin-

guistic knowledge can affect participants’ statistical word segmentation abilities. The

evidence for the contribution of learners’ prior knowledge has come primarily from

two sets of studies.

In the first set, prior knowledge of an artificial language is induced by means of

pre-training, and the question posed is whether this newly established prior knowledge

can affect subsequent SL. Three recent studies illustrate this approach.

Firstly, Lew-Williams and Saffran (2012) tested 9- to 10-month-old infants from

monolingual English-speaking household on their ability to segment a pause-free arti-

ficial language. Before an exposure phase, however, one group of infants was presented

with disyllabic nonce words while the other group was given trisyllabic nonce words.

During training, infants heard continuous speech that consisted of four new nonce
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words. These target words were either disyllabic or trisyllabic (TPs between word-

internal syllables = 1.0) depending on a between-subject condition to which infants

were assigned. This means that infants received the artificial language input either

with a consistent structure (e.g., disyllabic nonce words during pre-exposure and di-

syllabic words during training) or with an inconsistent one (e.g., disyllabic nonce

words during pre-exposure and trisyllabic words during training). Infants were able

to successfully discriminate words from part-words only when pre-exposure and target

words were consistent in length.

Secondly, in a slightly similar approach with a group of undergraduate students,

Perruchet, Poulin-Charronnat, Tillmann, and Peereman (2014) presented participants

with an artificial language that consisted of trisyllabic words. Prior to an exposure

phase, one group of participants was given disyllabic words that were fragments of

the target trisyllabic words (i.e., the fragment group). For instance, participants were

given dipa and dote during pre-exposure before being trained with two target tri-

syllabic words, patudi and tebido. In contrast, the other group of participants, the

part-word group, were pre-trained with disyllabic words that were part-words (e.g.,

dite). In other words, the two groups of participants were given pre-trained words

that violated the statistical structure of the target words. Nonetheless, because the

same word did not repeat immediately during familiarization, word fragments (e.g.,

dipa from patudi) were never attested in the input while part-words were. Perruchet

et al. hypothesized that the fragment group would perform better than the part-word

group as prior knowledge of co-occurring syllables of the former group did not conflict

with TPs of words in the input. As it turns out, although the fragment group was

better at discriminating words from part-words than the part-word group, neither

groups performed above chance.
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Finally, Poulin-Charronnat et al. (2017) modified the design of Perruchet et al.’s

study by pre-training their participants with trisyllabic nonce words instead of di-

syllabic ones. These pre-trained words were either part-words (e.g., ditebi from two

target words, patudi and tebido) or word fragments (e.g., tubipa). A control group who

did not receive any pre-training also took part in the experiment. Poulin-Charronnat

et al. hypothesized that statistical word segmentation performance of the two pre-

trained groups would be negatively impacted as they were given information about

statistical structure that was not consistent with the actual statistics in the input. In

contrast to these two groups, the control group would show successful discrimination

between words and part-words. As hypothesized, the results showed that the control

group correctly distinguished words from part-words with above-chance performance

while the two pre-trained groups performed significantly below chance.

In the second group of studies, prior linguistic knowledge from existing natural

language is incorporated into the study by design in order to address the question of

whether it can be used to support statistical word segmentation.

In one of the earlier studies following this approach, Finn and Hudson Kam (2008)

presented monolingual English native-speaking participants with an artificial lan-

guage that consisted of 16 disyllabic words (CCVCV). Each of these words began

with a consonant cluster. Half of the words, however, contained a cluster that vi-

olated English phonotactics. Despite this, statistical information of each word was

consistent; TPs between word-internal syllables were 1. At test, participants were in-

structed to distinguish words from part-words. To create part-words, the words that

violated English phonotactics were modified. For each word, the first consonant of

the illegal consonant cluster was dropped, and the first consonant of another word

was appended to the final position, resulting in each part-word having a CVCVC

structure. Critically, because the first consonant was removed, part-words no longer
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violated English phonotactic regularities. It was found that participants performed

significantly below chance, perceiving part-words as words of the artificial language.

This suggested that a bias from their prior knowledge of English phonotactics oper-

ated during SL, in this case to the detriment of learning the new words of the artificial

language.

Onnis and Thiessen (2013) further showed that English and Korean native speak-

ers utilized dominant TPs of their native languages to segment words from a con-

tinuous sequence of linguistic stimuli (i.e., high backward TPs for English and high

forward TPs for Korean). The Korean L1 participants demonstrated preference for

Korean-like options despite the fact that they had attained high English proficiency,

as evidenced in their TOEFL score (M = 252.14 out of 300, SD = 16) (p. 273).

In a preferential looking study with seven-month-old and thirteen-month-old infants

in monolingual English and monolingual Korean household, Thiessen et al. (2019)

showed that differing sensitivity developed in response to experience with infants’

native language.

If, as the studies just discussed show, prior knowledge from a person’s L1 can

be used to guide SL of artificial language in laboratory settings, it is reasonable to

assume that experience with an L2/Ln should fundamentally affect SL performance

as well. Potter et al. (2017) probed this issue with L2 learners of Mandarin. These

learners were tested at two time points with a six-month gap: at the beginning of their

first college-level Mandarin course and after a completion of two Mandarin courses.

In a statistical word segmentation task, participants heard three trisyllabic words

(i.e., tadagu, bidatu, and tibadi) looped into a continuous stream. Each syllable of

these words was paired with one and only one of the nine tones of the artificial lan-

guage. Thus, both TPs between word-internal syllables and a series of tones provided

complementary cues to word boundaries. As for the first testing session, Mandarin

42



L2 learners’ performance on a 2AFC test did not differ from chance. That is, learn-

ers were not able to discriminate words from part-words. However, after six months

of Mandarin instruction, the performance improved and, more importantly, differed

from chance. A control group, who had no experience with Mandarin or any other

tonal language, demonstrated no evidence of learning at both testing sessions. The

findings thus showed that L2 learning can have a positive influence on statistical word

segmentation abilities.

It is apparent that SL abilities are affected by what learners know, as evidenced in

the sets of studies reviewed above. Nonetheless, one important caveat must be men-

tioned. The findings are relevant insofar as word segmentation is concerned. There

are two critical issues with this somewhat narrow focus of the effect of prior linguistic

knowledge on SL abilities. The first issue is that there is a conceptual gap between

prior knowledge and SL performance. Despite focusing on statistical information of

linguistic elements at levels other than co-occurring syllables in adults’ known lan-

guage(s) (e.g., phonotactic regularities or word order structures), researchers then

relate this prior statistical knowledge to performance on a word segmentation task,

wherein co-occurring syllables in continuous speech have to be extracted (e.g., Finn

& Hudson Kam, 2008; Onnis & Thiessen, 2013; Toro et al., 2011). It is unclear why

participants’ SL abilities to track systematic patterns of syllables should be guided

by their prior statistical knowledge of word order, for example. The second and more

important issue is that, given the extensive focus on statistical word segmentation

abilities from exposure to a language that bears no meaning, it remains to be seen

whether distributional patterns that underpin complex structures from existing lan-

guage(s) can be utilized to aid participants to adapt to a similarly complex and

meaningful structure in a novel language. Previous studies have shown that learners

of an artificial language can utilize distribution of words to identify a phrase structure
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(Saffran, 2002; Thompson & Newport, 2007). While it stands to reason that adults

should be able to form expectations for systematic associations that underlie more

complex linguistic constructions such as tense-aspect encodings and then use that

information to help them adapt to novel patterns, empirical evidence in support of

this argument is still lacking.

2.2.3 Impacts of bilingualism on statistical learning abilities

In the majority of SL studies, participants are familiarized with a corpus of uniform

linguistic input with a single set of regularities to track, thus modeling language

learning in monolinguals (Weiss, Poepsel, & Gergen, 2015). This is not surprising

given the fact that many SL studies aim to address word segmentation and word

learning in monolingual child L1 acquisition. With this research focus, monolingual

child or adult participants are often recruited for SL experiments. However, for the

majority of the world’s population, bi/multilingualism is the norm, not the exception.

As bilingual children grow up learning two languages simultaneously, they must track

and extract more than one set of statistical regularities. Sequential bilinguals such

as adult language learners will also have to learn statistical structure of an L2/Ln

that may differ from that of their previously-learned language(s). The realization

that learners have to deal with multiple sets of statistical information in real-world

language learning has led to an investigation of SL abilities of bilinguals in experiments

with linguistic as well as non-linguistic stimuli (e.g., Antovich & Graf Estes, 2018;

Bartolotti, Marian, Schroeder, & Shook, 2011; Onnis, Chun, & Lou-Magnuson, 2018;

Wang & Saffran, 2014; see Bulgarelli, Lebkuecher, & Weiss, 2018 for a review).

Before I discuss some of the evidence for the effects of bilingualism on SL abilities,

it is important that we consider two SL studies with monolingual participants whose

experimental design was later adopted by SL studies with bilingual participants.
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In the first of the two studies, Gebhart, Aslin, and Newport (2009) familiarized

monolingual English-speaking participants with a continuous speech stream that con-

sisted of two mini-languages. Each mini-language was created to have two vowel

frames: –a–u–e and –o–i–æ as well as –e–o–a and –u–æ–i for the first and second mini-

language, respectively. It is worth noting that there was an overlap of vowels between

the two languages. Nonetheless, the TPs between vowels within each frame of each

language was equal to 1.0. During a familiarization phase, participants were trained

with one language before subsequently being presented with the other. However, the

switch from one to the other language took place unbeknownst to the participants.

At test, participants showed above-chance performance on the language presented

first but not on the one presented immediately after. Participants were only able to

perform above chance on both languages when a contextual cue (i.e., a pause) was

provided. In other words, Gebhart et al. found a primacy effect, whereby the pat-

tern presented first in the sequence was learned better. Adopting the same stimuli as

Gebhart et al., Karuza et al. (2016) found that in participants who demonstrated the

primacy effect, their primary auditory cortex was decoupled from bilateral frontal

and subcortical regions during exposure to the first mini-language inside an fMRI

scanner, indicating that high-performing participants sampled less from the linguistic

environment after achieving proficiency in the language. The authors interpreted the

finding to suggest that these learners formed expectations for only one set of novel

patterns and when the input satisfied their expectations, they sampled less from the

input. Thus, the performance on the second mini-language was severely affected.

As for the second study, Weiss, Gerfen, and Mitchel (2009) simulated bilingual

language environment by exposing monolingual English-speaking participants to two

mini-languages simultaneously in an interleaved presentation. Most other studies ex-

amining the effects of bilingualism on statistical word segmentation or word learning
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abilities have employed a similar approach to that of Weiss et al. by interleaving mini-

languages, thus mimicking bilingual exposure and learning more closely. In Weiss et

al.’s study, each artificial language consisted of four trisyllabic (CVCVCV) words. In

each word, TPs between syllables were 1.0. In contrast, TPs between syllables that

straddled a word boundary were 0.33. Critically, there was an overlap of syllable in-

ventories between languages. For instance, the syllable gu appeared in a word-initial

position in one language (e.g., gupate) but in a word-final position in another (e.g.,

betigu). Consequently, when the two mini-languages were interleaved during a famil-

iarization phase, word-internal TPs averaged across the languages varied substantially

and would present a challenging scenario for word segmentation. At test, participants

failed to discriminate words from part-words when the two languages were spoken by

the same talker (Experiment 3b). When the two languages were spoken by different

talkers (Experiment 4), participants performed above chance in both mini-languages.

According to Weiss et al., the fact that monolingual-speaking participants were able

to track statistical regularities of both languages with the help of an indexical cue

(i.e., different talkers) suggest that bilingual’s abilities to evince two or more sets of

regularities may be aided by extra-linguistic cues in their input.

Subsequent studies with bilingual participants that follow Gebhart et al. (2009)

and Weiss et al. (2009) have expanded the scope of investigation in one important

way, that is, by comparing SL abilities of bilinguals with those of monolinguals. In

this line of studies, researchers ask whether bilinguals are better able to track multiple

sets of statistical regularities than monolinguals. It is generally assumed that bilin-

gual advantage is to be observed in SL experiments due to factors such as enhanced

inhibitory control (for a recent review on bilingual advantage, see Bialystok, 2017).

The results thus far have been inconclusive, and it is worth noting that they come

from studies with non-linguistic as well as linguistic stimuli.
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The first set of discrepant findings comes from SL experiments with non-linguistic

stimuli of various kinds. Yim and Rudoy (2013) tested monolingual and Spanish-

English bilingual children (ages between 5 and 13) on two non-linguistic SL tasks with

visual and auditory stimuli. In each task, there was a single type of regularities to

track, i.e., triplets. Each of the three triplets consisted of three co-occurring elements

such as arbitrary shapes. The authors found that both bilingual and monolingual

children performed above chance on the visual and auditory, non-linguistic SL tasks.

More importantly, there was no significant difference in test performance between the

two groups of children.

Bulgarelli, Bosch, and Weiss (2019) employed a visual SL task with multiple sets

of co-occurring regularities to test the effect of bilingualism on SL performance. There

were two sets of co-occurring regularities bilingual and monolingual participants had

to track. The first set was the co-occurrences of animation characters. For instance,

when a diamond character appeared, it was always accompanied by a circle character.

The other set of regularities concerned character-specific appearance. For example,

the circle character always had three legs while the diamond character had four. In

other words, co-occurring patterns were formed between a shape and a number of

legs. Bulgarelli et al. hypothesized that due to this more complex nature of statistical

regularities, bilingual participants would be better than their monolingual counter-

parts at identifying co-occurring patterns within and across characters. However, it

was found that monolingual and bilingual groups performed equally well and that no

significant difference between the two groups was observed.

In contrast to these two studies, involving auditory and visual stimuli, in a study

involving a non-linguistic auditory Morse-code SL task, Bartolotti et al. (2011) found

that participants with more bilingual experience, as gauged by self-rated L2 profi-

ciency, performed above chance. In contrast, those with more monolingual experience
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did not differ from chance. Participants in Bartolotti et al. were exposed to Morse code

“words,” each of which consisted of a pair of long and short tones (e.g., the alphabets

T and A forming a pair of long and short tones). These words were created to have

word-internal TPs of 1.0. Furthermore, there was a 300 ms pause between “words.” In

another experiment, Bartolotti et al. increased the complexity of the task by reduc-

ing a pause between short tones without modifying the TPs. During familiarization,

as two short tones became closer together, they created an incorrectly perceptible

grouping. It was found that both bilingual-like and monolingual-like groups similarly

performed above chance. In this more complex condition, participants’ inhibitory

control scores —rather than bilingual experience— correlated with test performance.

In SL tasks with linguistic materials, by contrast, the impact of bilingualism is

more pronounced. This is particularly the case when a task consists of more than one

set of regularities, thus resembling bilingual language exposure. In a cross-situational

statistical word learning, Poepsel and Weiss (2016) exposed participants to a list

of nonce words. Some of these words appeared with one and only one object (i.e.,

one-to-one mapping). However, other words were paired with two objects, mimicking

interlingual homographs (i.e., one-to-many mapping). Interlingual homographs (e.g.,

pie in English versus pie – “foot” in Spanish, coin in English versus coin – “corner”

in French, angel in English versus angel – “sting of a bee” in Dutch) are common in

bilingual lexicons. In this experiment, stimuli were divided into three familiarization

phases, each of which interleaved presentation of one-to-one mapping with one-to-

many mapping conditions. Poepsel and Weiss found that for one-to-one mapping,

bilinguals did not differ from monolinguals in their word learning abilities. However,

in the one-to-many condition, bilinguals were more accurate than monolinguals. Ad-

ditionally, bilinguals showed a faster increase in their response accuracy than their

monolingual peers.
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Another study yielding positive evidence of bilingualism comes from de Bree,

Verhagen, Kerkhoff, Doedens, and Unsworth (2017). In this study, bilingual (Dutch

L1) and monolingual 24-month-old toddlers were trained on an artificial language

containing two target strings. In each one, the first and third element formed a non-

adjacent relation (e.g., rak-X-toef, where rak deterministically predicted toef ). At

a fixed point during training, toddlers were also exposed to strings that were not

consistent with the target non-adjacent relation (e.g., rak-X-lut, in which lut was a

third element of the other target string). This “inconsistent” string was presented eight

times as opposed to a total of 48 trials of target strings. During test, toddlers listened

to a small set of test strings with which they were familiarized: Half was consistent

with the two target strings (i.e., correct non-adjacent pairs) while the other half was

not. It was found that only the bilingual 24-month-old group showed a difference in

looking times between target-like test items and those that violated the target non-

adjacent dependencies. The authors interpreted the findings in favor of bilinguals’

heightened sensitivity to linguistic structures, which enabled bilingual toddlers, but

not monolinguals, to discriminate target items from non-targetlike strings.

Last, Antovich and Graf Estes (2018) found a bilingual advantage in a statistical

word segmentation task. In their experiment, 14-month-old bilingual and monolingual

infants were exposed to two mini-languages in an interleaved presentation, following

Weiss et al. (2009). The two languages contained TPs as a sole segmentation cue. Af-

ter exposure, infants were tested with a preferential looking paradigm. The bilingual

group looked longer at part-words, suggesting that they were able to discriminate

words from part-words. The monolingual group, however, did not exhibit such behav-

ior (see also Kovács & Mehler, 2009).

Notwithstanding the age group of participants, the effect of bilingualism on SL

abilities is likely to be complicated by bilingual experience itself. The extant literature
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on bilingualism indicates that the two languages in bilingual speakers may not be at

a comparable level. Thus, one language may be more dominant than the other, in the

sense of greater usage and faster and more fluent processing (Birdsong, 2016; Montrul,

2016). Additionally, Montrul (2016) further argues that these two issues of relative

use frequency and differential processing speed can lead bilingual speakers to develop

different levels of proficiency in certain grammatical structures. It is thus important

to consider bilinguals’ language proficiency in conjunction with statistical preferences

that they bring to an SL experiment of artificial language. Language dominance and

proficiency in simultaneous bilinguals, as Hoff et al. (2012) and Luk and Bialystok

(2013) argue, depends to a greater extent on the amount of input and frequency of

use in each language. In fact, Onnis et al. (2018) found that language dominance

predicted bilinguals’ segmentation abilities in a visual SL task.

It is highly likely that bilinguals will possess statistical regularities of both lan-

guages, even when they have weaker knowledge of one of them. The investigation of SL

abilities in bilinguals thus raises an important question: What statistical preferences

do bilinguals exhibit? On the one hand, statistical information in bilinguals’ L1 may

always remain dominant in an SL task with linguistic stimuli as Onnis and Thiessen

(2013) found. On the other hand, bilinguals may utilize statistical regularities from

both L1 and L2 during initial exposure to a novel language. This issue has not been

adequately addressed in SL research largely due to the fact that statistical regularities

embedded in an artificial language of previous SL studies, with the exception of Onnis

and Thiessen (2013), are not based on the actual statistics of the two languages of

bilingual participants. This dissertation explored the extent to which functional bilin-

guals (Thai L1-English L2 participants) as well as functional monolinguals (English

L1 participants) adapted to multiple regularities of a novel language that resembled

those found in the languages the bilinguals knew.
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2.3 Adaptation to ever-changing linguistic environment by means of

expectations

We know that variation is ubiquitous in natural languages. Speakers vary in their

pronunciation of sounds, choice of words, and preference for syntactic structures. For

example, American English speakers and Australian English speakers vary in their

preferred choice of a dative variant, with Australians using more to-datives (e.g.,

I gave the book to John) than the Americans (Bresnan & Ford, 2010). Despite its

pervasiveness, variation is language is far from random; it tends to be conditioned on

linguistic or sociolinguistic factors (J. K. Chambers, 2018). It is rare, if not impossible,

to find free variation in a language (Givón, 1985).

As a result of variation, language use is highly probabilistic. From a processing

standpoint, the probabilistic nature of language means that it is not always possible

for comprehenders to know with complete certainty which sounds, words, or struc-

tures their interlocutor(s) may choose to use (Levy, Bicknell, Slattery, & Rayner,

2009). Probabilistic language use can also have important ramifications for language

learning. From an acquisition standpoint, systematic associations that are evinced at

one point during learning must be able to change in light of an ever-changing linguistic

environment. This means that SL mechanisms must be able to use statistical infor-

mation from past learning to guide identification of novel regularities in the current

input as well as to use a new set of regularities to revise existing ones. This raises an

important theoretical question. How can SL mechanisms demonstrated in laboratory

settings scale up to handle variation in real-world language learning?

Linguistic adaptation offers one explanation as to how linguistic representations,

including systematic associations evinced through SL mechanisms, can respond to

changing statistics in the environment (Chang, Janciauskas, & Fitz, 2012). Adaptation
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refers to incremental behavioral change in response to linguistic input. In the last

decade or so, sizable evidence has accumulated for comprehenders’ adaptation to

diverse areas of language, from foreign-accented speech (Burchill, Liu, & Jaeger, 2018;

Xie et al., 2018), through lexical items (Maye, Aslin, & Tanenhaus, 2008), to syntactic

structures (Fraundorf & Jaeger, 2016; Kamide, 2012). Furthermore, adaptation in

laboratory settings has been shown to be rapid: Language comprehenders became

faster at processing a less frequent construction after a brief period of exposure (Fine

et al., 2013). The evidence of adaptation has also been shown to persist for a number of

days after the experiment (Wells, Christiansen, Race, Acheson, & MacDonald, 2009),

and attested in both native and non-native speakers of a language (Kaan, 2014; Kaan

et al., 2019; Leal, Slabakova, & Farmer, 2017).

How can previously-extracted systematic associations, along with other forms of

prior linguistic knowledge, guide linguistic adaptation? One possibility is that lan-

guage users draw on prior experience with actual statistics of language use so as to

generate expectations for how likely certain words or structures may occur, given

the context. These expectations, it is generally argued, can enable language users to

proactively predict unfolding linguistic input (see, e.g., Kuperberg & Jaeger, 2016;

Kutas, DeLong, & Smith, 2011; MacDonald & Hsiao, 2018). When expectations are

aligned with what is observed in the input, prediction errors are minimized and adap-

tation is facilitated (Jaeger & Snider, 2013). Conversely, when there is a mismatch

between expectations and input statistics, as encapsulated in an information-theoretic

measure such as surprisal (Levy, 2013; Myslín & Levy, 2016), prediction errors can

be high initially. Consequently, adaptation to less expected input at an initial stage

may be hampered. Nevertheless, because expectations are adaptive just like human

behavior in general (Anderson & Schooler, 1991), they can be revised as more input
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is processed. This means an initial set of expectations can change to better reflect

statistics in users’ current linguistic environment.

To date, available evidence for expectation-driven adaptation has primarily come

from tasks that present native-speaking participants with known yet infrequent struc-

tures of their native language (e.g., Fine et al., 2013). More recent studies, however,

have begun to demonstrate that participants can adapt to a novel accent or structure

with which they do not have prior experience.

In a word-matching task, Xie et al. (2018) probed adaptation to foreign-accented

speech. Participants were monolingual English native speakers who had no or little fa-

miliarity with Mandarin. Participants were randomly assigned to groups and listened

to low-probability English sentences (e.g., Dad pointed at the grass) spoken either

by a Mandarin-accented talker (i.e., a Mandarin-talker group) or a native American

English talker (i.e., a native-talker group). As soon as each sentence was over, par-

ticipants saw a word and had to judge if it appeared at the end of the sentence they

had just heard. Response time and accuracy were recorded and provided informa-

tion regarding the speed and accuracy of participants’ adaptation. Results showed

that overall the Mandarin-talker group was slower to respond than the native-talker

group. Nevertheless, response times decreased over the course of the experiment, and

there was no significant difference in the decrease across the two groups. This suggests

that participants were able to adapt to foreign-accented speech even without prior

experience with the accent. At test, both groups of participants performed the same

word-matching task. All test sentences were read by a different Mandarin-accented

talker. Despite a change in talker, the Mandarin-talker group showed faster and more

accurate response than the native-talker group. According to Xie et al., the findings

showed that adaptation to a novel accent transferred to different talkers of the same

accent.
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In another study, Fraundorf and Jaeger (2016) exposed native English-speaking

participants to one regional dialect of American English, the need + past participle

construction or dialectal need (e.g., the car needs repaired which means the car needs

to be repaired). As part of research manipulation, participants were recruited from two

regions of the United States, who either had or did not have prior, out-of-laboratory

familiarity with the construction. Participants were presented with instances of the

construction which were embedded in email messages of a fictitious company. As par-

ticipants read the dialectal need construction, their reading times were measured. It

was found that participants with no experience with the structure were able to adapt

to the task such that their reading speed at a disambiguating region (e.g., at the word

“repaired” in the above example) diminished over the course of the self-paced read-

ing experiment. Furthermore, the main effect of group was not significant, suggesting

that participants with and without prior experience did not read the dialectal need

construction differently. The results showed that despite having no familiarity with

the construction, participants were able to adapt to a novel structure when they were

given relatively extensive exposure.

Fraundorf and Jaeger (2016) further argue that exposure to an unfamiliar con-

struction such as the dialectal need construction in laboratory settings should mediate

participants’ expectations for other novel structures. If this is the case, participants

who are exposed to an additional novel structure after reading the dialectal need

construction should show faster processing of the construction than those who do

not experience the dialectal need construction in their input. In a subsequent experi-

ment, Fraundorf and Jaeger trained one group of participants with the dialectal need

construction before presenting them with an emperimentally-designed “dropped be”

construction (e.g., this machine will cleaned this afternoon), that omitted the same

element as the dialectal need construction. The results showed that participants who
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read the dialectal need construction during an exposure phase exhibited faster reading

times to the dropped be construction.

The findings from Fraundorf and Jaeger (2016) suggest that expectations need

not be tied to one particular construction. Language users can use the evidence of the

dialectal need construction, which may be unattested in their dialect but present in

their current linguistic environment, to infer that the input may contain some other

novel constructions. That expectations can be formed for multiple constructions in

a single experimental session and utilized to guide adaptation to these structures is

consistent with the hierarchical probabilistic inference framework proposed by Pajak

et al. (2016). This theoretical approach was motivated by long-standing questions as

to how children form vastly complex linguistic representations based on rich yet finite

amounts of linguistic input (e.g., Kemp et al., 2007; Perfors et al., 2010; Wonnacott

et al., 2008; Xu & Tenenbaum, 2007).

Pajak et al. (2016) situate adult L2/Ln learning within this framework. According

to them, language learning involves implicit SL of linguistic input. Learners, children

and adults alike, identify and learn probabilistic statistical information from the input.

Learning, however, can take place simultaneously at multiple levels. To illustrate, as

learners process a target form loves in the input, they not only track a combination

of love and -s but also use this specific pairing to capture a higher-level structure

(e.g., an association between verbs and inflections). As part of this learning, learners

also form expectations about how a target form and a higher-level structure work.

For instance, learners may initially have multiple expectations at varying degrees of

abstraction (e.g., love always appearing with -s, love appearing with some form of

marking, action appearing with -s, and so on). In this framework, each expectation can

be assigned a probability distribution to express its plausibility. These expectations

enable larners to generate predictions for what they may experience in the input (de
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Lange, Heilbron, & Kok, 2018). As learners continuously adapt to more and more

input, they use new evidence to revise their initial expectations, weeding out the ones

that cannot explain the data. Pajak et al. further argue that this cycle of implicit

SL and expectation formation is not restricted to one language. Experience with one

language also enables learners to form expectations about how a generic language, or

Lany in Pajak et al.’s terminology, may work or what kind of systematic associations

may or may not be present in this language. This generic language represents an

abstract grammar of all the language(s) learners know. To continue with our example,

as learners evince patterns that underlie the English Simple Present, they may infer

that this form of associations is used to express temporal information in a generic

language as well. Monolingual English speakers, for instance, may only have access

to probabilistic statistical information of English. Conversely, bilingual Thai-English

speakers will have statistical regularities of both languages at their disposal and are

more likely to form expectations about a generic language that represent both of

their languages. According to Pajak et al., linguistic transfer in L2/Ln learning takes

place between a generic language and an L2/Ln that learners are attempting to learn.

That is, learners generate expectations for how certain meaning is encoded or what

systematic associations are utilized in an L2/Ln based on expectations they have

formed for a generic language.

Montero-Melis and Jaeger (2019) offer empirical evidence for the transfer of ex-

pectations in L2 Spanish motion event descriptions. The two languages of this study,

Swedish and Spanish, differ in terms of how motion events are described. Like English,

Swedish is a satellite-framed language and tends to encode motion events with man-

ner verbs, leaving the direction of the movement to particles (e.g., push up or trudge

along as in he pushed the box up the hill). In contrast, Spanish is a verb-framed lan-

guage and tends to encode the path of movement in verbs (entrar “go in” or salir “go
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out”). Nonetheless, the lexicalization patterns are gradient; a language may describe

the same event with manner or path verbs.

Participants were Swedish-speaking learners of Spanish. The authors hypothesized

that these learners would expect to hear manner verbs in motion event descriptions

due to the lexicalization pattern of their L1 Swedish. Because of this expectation, the

learners would adapt to path verbs more readily when they were primed with such

verbs. This pattern of results was expected because the effect of priming is shown

to be stronger when the prime is less expected (Jaeger & Snider, 2013; Kaan &

Chun, 2018). In a between-subject design, participants were instructed to describe 32

animations of caused motion (e.g., a man pushing a box). After each animation was

played, participants were primed with a Spanish sentence. Prime sentences contained

Spanish path verbs for one group of participants and Spanish manner verbs for the

other. As hypothesized, learners with weaker L2 Spanish proficiency showed greater

likelihood of using path verbs to describe motion events when they were primed

with these verbs. In contrast to this group, learners with higher Spanish proficiency

behaved like native speakers of Spanish. That is, they were more likely to produce

manner verbs in their motion event descriptions when primed with manner verbs.

The studies reviewed in this section have focused on adaptation to infrequent

structures in a language of which participants had some or complete mastery. Through

experience with their L1 and —in some case— L2, participants may have developed

precise prior expectations about how their L1 or L2 works, which in turn makes

adaptation less effortful. It is unclear whether expectations from previously-learned

language(s) can guide adaptation to a novel structure and, if so, how that transpires

in a language with which participants had zero familiarity prior to their participation

in the experiment.
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2.4 Linguistic expressions of time

2.4.1 Tense-aspect systems

Cross-linguistically, languages grammaticalize time by means of tense and aspect.

Both grammatical categories are conceptually related (Dahl & Velupillai, 2013) and

express temporal information of events, albeit differently. At a broad specification,

time is often represented diagrammatically as a vertical line, flowing from the past to

future time (Comrie, 1985; Reichenbach, 1947/2005). Events are conceptually located,

relative to one another, on this vertical timeline. Tense is deictic as it denotes a

temporal location of an event relative to a fixed reference point such as a speech time

(Comrie, 1985). For instance, the temporal distinction between the clauses “I love

ice cream” and “I loved ice cream” is made with respect to the relations between

an event time and speech time. Conversely, aspect is non-deictic in that it concerns

speakers’ viewpoint or perspective on the unfolding of an event independent of any

deictic center (Comrie, 1976). For example, the sentences, I built a house and I was

building a house, differ with respect to how an event is viewed. The former construes

an event as being completed whereas the house-building activity in the latter may

or may not be ultimately completed. In short, tense captures the time of an event

whereas aspect is about the time within an event (e.g., Hewson, 2012).

As a linguistic category, tense provides information regarding the time of an event.

In so doing, it locates the event at some point on the timeline vis-à-vis a specified

point on such line. Reichenbach (1947/2005) proposed a three-place structure of time

to capture temporal relations of events. In his analysis of English tenses1, Reichenbach

identified three time points that are employed. Firstly, speech (S) time refers to the

1It must be noted that Reichenbach eschews the distinctions between tense and aspect,
considering all grammatical forms as tenses.
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time before, simultaneously with, or after the speech is uttered. Secondly, event (E)

time locates the time point of an event. For instance, in the sentence I went to bed

early last night, E refers to the night before the speech whereas S is the time at which

a speaker utters the sentence (which presumably is here-and-now in the discourse).

Lastly, reference time (R) is argued to be present in all tenses and its relation with

E and S determines the composition of tenses. For instance, in when I got to the

platform, the Amtrak had left, R is the point at which the speaker arrived at the

train platform, by which time the train had departed (E). Chilton (2013) incorporates

Reichenbach’s analysis into his framework of three-dimensional Deictic Space Theory.

One central element of the framework is speaker’s frame of reference, which subsumes

Reichenbach’s Reference time. According to Chilton, the frame of reference enables

speakers to shift perspectives and construe time differently. The consequence of such

perspective shifting can be seen in different tenses.

Another means of locating events on the timeline involves aspect. With aspect,

the focus is shifted to how an event is construed (Comrie, 1985). In an oft-cited defini-

tion, Comrie (1976) defines aspect as “different ways of viewing the internal temporal

constituency of a situation” (p. 3). Smith (1997) broadens the scope of definition by

outlining two distinct components of aspect: situation and viewpoint aspect. Situa-

tion aspect concerns internal temporal features of events and can be condensed into

three binary features: [±dynamic], [±durative], and [±telic]. Conversely, viewpoint

aspect refers to a speaker’s perspective of how an event is construed or presented.

The definition of viewpoint aspect thus follows that of Comrie’s. While Smith’s con-

ceptualization of aspect seems to be a mainstay of current aspect research, there are

many other definitions of aspect (see Xiao & McEnery, 2004, for discussion). What

linguists seem to agree on is the notion that, as a semantic domain, aspect emphasizes

the interplay between situation (lexical) and viewpoint (grammatical) aspect.
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It is important to maintain this distinction between situation and viewpoint as-

pect, as the foci of the two often diverge: the former is concerned with a predicate and

the latter with grammatical marking (cf. Bybee & Dahl, 1989; Dahl, 1985; Vendler,

1957). Since verbs denote events that take place in time, they can be categorized

into classes according to the temporal information of the events they denote. Such

categorization belongs to situation aspect. At the most basic level, a distinction can

be made between a predicate denoting states and events (or process vs. non-process

verbs in Vendler, 1957). States entail neither changes nor transitions; thus, they are

continuous and unbounded (Kearns, 1991, p. 116). Events, on the other hand, in-

volve changes and can be subdivided into durative and punctual. Vendler’s (1957)

influential work on English verbs, which was later extended to many other languages,

captured temporal properties of verbs and broadly classified situation aspect into four

classes: state, activity, accomplishment, and achievement.

The study of viewpoint or grammatical aspect differs from situation aspect, just

reviewed, in that the primary goal of the former is to uncover grammatical forms

that mark tense-aspect systems cross-linguistically, whether by morphological or lexi-

cal means (Bybee & Dahl, 1989; Dahl, 1985). In a landmark study of viewpoint aspect,

Dahl (1985) investigated aspect marking in the grammars of 64 different languages by

soliciting responses to a 150-sentence questionnaire from language informants. The

languages included covered a broad spectrum of the world’s languages, albeit with

a tilt toward European languages: English and Thai were part of the 64 languages

surveyed. Bybee and Dahl (1989) and Dahl (1985) found that, in this language sam-

ple, a generalization regarding meaning and form can be made cross-linguistically.

Namely, grammatical aspect—marked explicitly by inflections, auxiliaries, or aspect

markers— belongs to one of six types: perfective, imperfective, progressive, future,

past, and perfect. A multidimensional scaling analysis (MDS) of tense-aspect in these
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64 languages conducted by Croft and Poole (2008) two decades later (see also Croft,

2012) provided further evidence for the separation of tense and aspect, with clustering

of past and non-past on one dimension and perfective and imperfective on the other.

In addition, these two distinctions are orthogonal to each other.

As this dissertation concerns sensitivities to systematic associations that under-

pin tense-aspect encodings of English and Thai, the following sections delineate key

facts about linguistic description as well as distributional information present in the

encodings of the two languages. There are many differences in the ways in which time

is grammatically encoded in these two languages (i.e., through tense and aspect in

English and through aspect in Thai). Ultimately, aspect (e.g., whether a situation is

bounded or unbounded) and the two aspectual meanings of continuation and com-

pletion, will be emphasized in the discussion below. This reflects the fact that the

miniature language in the present study was designed to conceptually invoke mean-

ings that both English and Thai share, rather than formal or functional differences

that otherwise set the two very complex tense-aspect systems apart.

English

As discussed above, tenses are deictic. They relate event time, in whole or part of it,

to speech time (Klein, 1994). English expresses past, present, and future time utilizing

both inflectional morphemes (i.e., -ed and -s) and a periphrastic future construction

(i.e., will+VERB) (Hewson & Bubenik, 1997). Given this lack of a morphological form

for future tense, English is generally considered to have a two-way, past/non-past

distinction of tense system (e.g., He walks fast vs. He walked fast) (Binnick, 1991).

This dissertation focuses on inflectional morphemes that encode the past/non-past

distinction, paying particular attention to two out of many temporal meanings the

morphemes can express, continuation and completion, and stressing the systematic
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associations between lexical and sub-lexical units that underpin the English Simple

Present and Past

The 3psg -s morpheme, which marks person and number agreement (e.g., Everyone

loves Pad Thai), and the non-3psg stem (e.g., They work in the city center) can

denote a stative reading, depicting a continuation of situation or state. The basic use of

these forms in the English Simple Present is to indicate that event time coincides with

speech time (Huddleston, 2002) or that, in other words, speech time is part of event

time (Radden & Dirven, 2007). Because of this overlap of the two times, the Simple

Present can describe lasting states (e.g., He loves exercise) or state-like situations

(e.g., He exercises regularly). In these two cases, a situation denoted by a matrix

verb (i.e., love and exercise) is unbounded, and the sentences can be interpreted

imperfectively. In He loves exercise, for example, the man’s love for physical activities

was true in the past, is true at the moment, and will likely be true in the future. Thus,

it is possible to see that Simple Present sentences can describe a continuation of state

or state-like situation over an extended period of time.

The -ed morpheme marks preterites as well as past participles (Blevins, 2006).

This dissertation, however, focuses only on the past-time reference the -ed form en-

codes when combined with a matrix verb in Simple Past. The basic use of the form

is to indicate that event time is anterior to speech time (Huddleston, 2002). The dis-

sociation of the two times highlights one important property of the Simple Past, its

detachment from the present (Radden & Dirven, 2007). As a result, a situation de-

scribed by the Simple Past can be interpreted as bounded. By its nature, a bounded

past situation is completed or terminated prior to speech time and thus bears no con-

nection to the present moment. For instance, in I decided to move back to California

after several years in Japan, the use of the Simple Past shows that the moving is

already over by the time the speaker utters the sentence.
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It is important to note that the two meanings, continuation and completion, are

just a tiny fraction of all possible meanings the two tenses can express. For instance,

the Simple Present can have a timeless use, referring to no particular time reference as

in sport commentary (Huddleston, 2002). Equally important, as already mentioned,

is the fact that aspect is brought to bear in the above discussion of each meaning (e.g.,

whether a situation is bounded or unbounded). This discussion is motivated by the

fact that the miniature language in the present study was designed to conceptually

invoke meanings both English and Thai share, despite differences in the ways in which

time is grammatically encoded in these two languages (i.e., through tense and aspect

in English and through aspect in Thai).

As each of the two inflectional morphemes -s and -ed must be attached adjacently

to matrix verbs, it becomes apparent that continuation and completion meanings can

only be denoted by an association between these two linguistic elements; one lexical

(i.e., verbs) and one sub-lexical (i.e., morphemes) unit. This form of systematic asso-

ciations, between verbs and morphemes, is indicative of the English Simple Present

and Past and has been shown to be an important source of information in child L2

learning of English inflections (Blom et al., 2012). As regular verbs can be followed by

one of three possible options, namely -s, -ed, or zero marking, it is possible to capture

each pairing by means of TPs of inflection given verb, e.g., TP(-s|VERB) (Janciauskas

& Chang, 2018).

This cursory discussion serves to show that it is possible to express tense-aspect

encoding of English as systematic associations between linguistic elements. In fact,

there are many other forms of associations that are not discussed in this section, such

as the non-adjacent relations between copula be and -ing in the English Progressive.

The full picture of the English tense-aspect system, along with its distributional pat-

terns, is extremely more complicated. While this certainly merits further investigation,
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the main take-away of this section is that the systematic associations underpinning

the English Simple Present and Past are those between lexical and sub-lexical units.

Thai

Thai, an official language of the Kingdom of Thailand, belongs to the Tai-Kadai

language family (see Diller, 2008). There are four main dialects of Thai, each of

which is used in distinct regions of the country. Throughout this dissertation, Thai

refers to Modern Standard Thai, a register in the Central Thai dialect spoken natively

by approximately 20 million people across the Central Plains of Thailand, including

Bangkok (Simons & Fennig, 2018). Despite only one-third of Thailand’s population

being native speakers of the register, Modern Standard Thai is used in the educational

system and all mass media throughout the country. Because of this, the dialect is

widely understood by the majority of people in Thailand (see, e.g., Premsrirat &

Bruthiaux, 2018, for linguistic diversity in Thailand). Modern Standard Thai is also

the primary language of spoken and written communication used by the population

of Thai college students from which the Thai L1 participants in the present study

were recruited.

In terms of its typology, Thai is a subject-verb-object (SVO) language with ana-

lytical morphology and a complex set of functional words that express grammatical

relations. Like English, Thai is a head-initial language: Heads precede modifiers (e.g.,

adpositions before nouns and auxiliaries before verbs). However, unlike English, nouns

always precede modifiers. These structural facts, along with a topic-comment struc-

ture prevalent in Thai, are illustrated in the following example:

(2) phÔO
father

khǑON
of

phǒm
1.M

kháw
3

pen
cop

khon
person

cay
heart

dii
good

thîi
relp

taN-cay
determine

tham
do

Naan
work

nák
heavy

ph0̂a
for

lûuk
child

lûuk
child
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‘My father is a kind-hearted person who works hard for (his) children.’

There is little overt marking of the grammatical relations between linguistic el-

ements in Thai; nouns are not encoded for number, gender, or case, nor are verbs

marked by morphological affixes for grammatical categories (e.g., tense, aspect, mood,

and agreement). As can be seen in Example 2, a plural form of nouns can be obtained

by means of reduplication (i.e., lûuk [“child”] and lûuk lûuk [“children”]), rather than

affixation. Along a similar line, verbs neither indicate finite or non-finite status, nor

express transitivity. To complicate matters further, verbs can be chained together,

forming so-called serial verb constructions (e.g., Muansuwan, 2001). This is evidenced

in a serial verb, taN-cay tham [“be determined to do”]. The lack of inflectional mor-

phology is not specific to Thai; these areal characteristics are attested among many

Southeast Asian languages.

Without obligatory tense marking on verbs, temporal reference is provided by tem-

poral adverbials (e.g., wan-níi [“today”], m0̂a-waan [“yesterday”], and wan-phrûN-ńii

[“tomorrow”]). In addition, as Minegishi (2011, p. 67) argues, constructions can pro-

vide temporal information. In Example 3, a topic-comment structure admits stative

verbs and thus renders a habitual reading, presenting an event as occurring habitually.

(3) mwaN-thay
Thailand

Paakàat
climate

rOÓn
warm

‘In Thailand, the weather is warm.’

In the absence of grammatical tense marking, Thai grammaticalizes aspect. The

basic conceptualization of time in Thai thus concerns how an action is construed, e.g.,

as state or ongoing event. On this basis, Thai is highly similar to Mandarin and Can-

tonese (Lin, 2006; Xiao & McEnery, 2004), just to name a few of the many languages

that grammaticalize aspect. In Thai, aspectual meaning is expressed periphrastically

by a rich set of aspect markers (Dahl, 1985; Iwasaki & Ingkaphirom, 2005; Koenig
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& Muansuwan, 2005; Smyth, 2013), which are grammaticalized from lexical items. It

is worth pointing out that a large number of markers are yet to be fully grammat-

icalized and still appear as lexical items (i.e., nouns or verbs) in a clause. In fact,

the complexity of Thai aspect system has made it a hotly debated issue, both in

terms of the exact number of aspect markers (Iwasaki & Ingkaphirom, 2005; Koenig

& Muansuwan, 2005) and the semantics of each marker (Koenig & Muansuwan, 2000;

Thiengburanathum, 2014). Unlike English which requires obligatory inflectional mor-

phology for tense, Thai aspect markers are optional, and a sentence without them

can be aspectually or temporally vague. This fact is illustrated in Example 4; it is

unclear whether the speaker already had breakfast.

(4) phǒm
1.M

kin
eat

kthâaw
rice

pen
cop

aahǎrn
food

châo
morning

‘I eat/ate rice for breakfast.’

The use of aspect markers enables speakers to construe different facets of events.

Iwasaki and Ingkaphirom (2005), for example, classify markers into four broad func-

tions: perfective, imperfective, perfect/anterior, and inchoative (change of state). Im-

perfective aspect can also be sub-divided into progressive, continuous, iterative and

habitual. Because the miniature language of the present study was created to ex-

press continuation and completion meanings, which correspond to imperfective and

perfect/anterior aspect respectively, I discuss these two categories in more detail.

When it comes to the imperfective aspect, the focus is on viewing a situation

internally. A case in point is a progressive marker kamlaN. It is semantically similar

to the English periphrastic be -ing construction. The progressive kamlaN appears with

dynamic predicates and conveys the notion that an event or process is ongoing and

unbounded (see Example 5).
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(5) Thiti
Thiti

kamlaN
prog

thâm
do

naaN
work

‘Thiti is working.’

Aspect markers can appear individually or jointly. Koenig and Muansuwan (2005)

observed that as many as four markers can be combined in a single clause. Such

combination can shift the construal of an event. To illustrate, when kamlaN is followed

by càP in Example 6, a progressive reading gives way to an inceptive one where an

onset of an event (i.e., working) is denoted. Conversely, the combination of kamlaN

and càP as well as sèt in Example 7 renders a situation to be construed such that it is

coming to an end. In their Head-driven Phrase-Structure Grammar analysis, Koenig

and Muansuwan (2005) argue that scope relations between aspect markers license

which markers can possibly be combined. For example, the terminative marker sèt

carries a punctuative reading and is thus incompatible with unboundedness referred

to by the progressive kamlaN. Note again that the relationships between markers, not

between markers and verbs, provide aspectual information of events.

(6) Thiti
Thiti

kamlaN
prog

càP
be.about.to

thâm
do

naaN
work

‘Thiti is going to start working.’

(7) Thiti
Thiti

thâm
do

naaN
work

kamlaN
prog

càP
be.about.to

sèt
finish

‘Thiti is about to finish working.’

In addition to meaning, the above discussion illustrates another important fact

about aspect markers: their position in a clause. Broadly speaking, aspect markers

occupy either a pre- or post-verbal position.2 Nonetheless, pre-verbal markers such
2Similar patterns are observed in neighboring Laos, which share extensively similar

phonological and grammatical systems (Enfield, 2007, 2008). This again attests to areal
characteristics shared among languages in Southeast Asia.
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as kamlaN and rêem [“to start”] can appear after the VP when they are followed

by post-verbal markers. The reverse, however, is not the case. That is, post-verbal

markers are not permissible in the pre-verbal position (Koenig & Muansuwan, 2005).

The position of markers, in combination with scope relations among them, renders

different readings of a verbal predicate, as illustrated in the case of kamlaN.

In the rest of this section, I focus on a small set of post-verbal aspect markers,

yùu and còp as well as sèt. These markers are discussed separately as they express

meanings instantiated in the miniature language of the present dissertation.

The post-verbal marker yùu encodes multiple meanings. In Example 8, when yùu is

used independently, it can have a progressive meaning, where a dynamic interpretation

of an event emerges (e.g., “one is currently in a linguistics class”), or a continuous

meaning, where a habitual/continuous reading transpires (e.g., “one is a student of

linguistics”). In its use to express progressive meaning, yùu can form a non-adjacent

relation with another progressive marker kamlaN, as shown in Example 9. The co-

occurrence serves to add a greater emphasis to an ongoing activity of a non-stative,

dynamic predicate (Iwasaki & Ingkaphirom, 2005, p. 154).

(8) Thiti
Thiti

lian
study

phasǎa-sàat
language-study

yùu
stay/asp

‘Thiti studies/is studying linguistics.’

(9) Thiti
Thiti

kháw
3

kÔ
lp

kamlaN
prog

lian
study

yùu
stay/asp

‘Thiti is currently studying (a subject).’

In addition to progressive meaning, yùu can denote a habitual/continuous read-

ing, depicting a continuation of activity or state. This reading is possible with yùu

being used independently or in conjunction with other aspect markers. As Example

10 shows, a habitual reading of yùu is attested, which describes a characteristic of
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a person. An unbounded reading is implied; there seems to be no clear beginning or

end. When yùu co-occurs with a perfect/anterior marker, maa, which is grammatical-

ized from a directional verb ‘to come’ (e.g., Thiengburanathum, 2013), a continuous

reading can be obtained, that is, the work was carried out for an extended period of

time. The situation, however, does not have to be completed, as implied in Example

11. Habitual/continuous yùu can apply to the present or past in conjunction with

temporal adverbials.

(10) ph0̂an
friend

thîi
relp

duulEE
take.care

th@@
2.F

yùu
stay/asp

‘A friend who takes care of you.’

(11) a. thâm
do

naaN
work

níi
this

yùu
stay/asp

maa
come/asp

tâN-naan
long.time

‘(I) worked on this (project) for a long while.’

b. tÈE
but

acaan
teacher

kuu
1.(derogatory)

mây
neg

chÔOp
like

’But my teacher did not like it.’

In contrast to yùu, which can express a continuation meaning, còp and sèt can

express a completion meaning. It is worth noting that these two post-verbal markers,

grammaticalized from verbs ‘to finish/end,’ still function as intransitive verbs. Broadly

speaking, both markers focus on the ending of a situation. According to Iwasaki and

Ingkaphirom (2005), còp entails that a situation is completed whereas sèt is concerned

with the termination of a situation irrespective of its completion. The two minimal-

pair sentences below contrast the meaning entailed by the two markers.

(12) Thiti
Thiti

àan
read

náNs0̌0
book

còp
finish/asp

lâ
pp

‘Thiti finished the (whole) book.’
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(13) Thiti
Thiti

àan
read

náNs0̌0
book

sèt
finish/asp

lâ
pp

‘’Thiti finished reading the book.’

Each of the two markers often co-occur with lÉEw [“to finish”]. It is important to

note that there is no clear consensus among Thai language researchers regarding the

aspectual category to which lÉEw belongs (cf. Iwasaki & Ingkaphirom, 2005; Koenig

& Muansuwan, 2005; Thiengburanathum, 2014). In itself, lÉEw may not entirely ef-

fect the completion reading. In fact, it is considered a marker of counter-expectation,

rather than an aspect marker belonging the perfect/anterior (or some other cate-

gories). In this regard, lÉEw implies that a situation referred to by a predicate runs

counter to the expectation shared by a speaker and listener. Nevertheless, a com-

pletion/termination reading is possible in the co-occurrence between còp or sèt and

lÉEw, and this reading was incorporated into a miniature language through the co-

occurrence of miniature-language markers. In Example 14, the past reading is sug-

gested. The completive sèt adds telicity to an activity verb (i.e., eat); thus, the event

of eating had ceased prior to a speech time. According to most Thai language schol-

ars, the meaning of lÉEw in this case emphasizes that the the event was no longer in

process (i.e., the notion of anteriority) (see, e.g., Kullavanijaya & Bisang, 2007).

(14) Thiti
Thiti

kin
eat

kthâaw
rice

sèt
finish/asp

lÉEw
already

‘Thiti already finished eating (the) meal.’

The above discussion, though cursory, attests to the complexity of the aspect sys-

tem in Thai. Mastery of such system requires that learners take into consideration a

multitude of information, particularly form-meaning correspondences, as they learn

both the structure and meaning of the Thai aspect system. It is apparent that the
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complete picture of a learning account will ostensibly need to address tripartite re-

lations between form, meaning, and context. For instance, learners must attend to

aspectual meanings of verbs in their use of aspect markers, as discussed extensively

in the Aspect Hypothesis research (e.g., Andersen & Shirai, 1996; Shirai & Andersen,

1995; Sugaya & Shirai, 2007). Furthermore, learners must consider whether aspect

markers suit a given context and whether meaning of one marker is more or less suit-

able for the said context than another. Despite this complexity, Thai speakers can

competently use aspect markers, in conjunction with other linguistic resources such

as temporal adverbials, to express multiple facets of temporal meaning.

In order to critically address the contribution of Thai L1 adults’ temporal knowl-

edge to their adaptation to novel tense-aspect encodings, I consider one form of dis-

tributional information that is indicative of the Thai aspect system yet different in an

important way from the English tense-aspect system. In Thai, one potentially useful

cue to learning temporal meanings lies in the co-occurrences between aspect mark-

ers. More specifically, the appearance of one marker (e.g., kamlaN) can indicate which

markers are more or less likely to come up next (e.g., càP vs. sèt), and pairings of mark-

ers can signal aspectual meanings of sentences (e.g., sèt lÉEw to denote completion).

Put differently, temporal expressions in Thai are captured by systematic associations

between aspect markers, which are lexical items. As can be seen in Section 2.2, these

associations can be reformulated as TPs between markers that appear either adja-

cently or non-adjacently. Importantly, the associations between markers found in the

Thai aspect system are different from those between verbs and inflections found in

the English Simple Past and Present which was reviewed in Section 2.4.1.

Associations between aspect markers that appear adjacently were incorporated

into the miniature language of the present dissertation. This form of associations

constitutes only a tiny fraction of complex distributional patterns found in the Thai
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aspect system. Two points are discussed in order to illustrate additional patterns that

can likely be part of the temporal knowledge Thai L1 adults possess but that were

not considered in the present work.

First, as verbs can be serially sequenced to form serial verb constructions, so

can aspect makers. As noted by Koenig and Muansuwan (2005), several markers can

appear together to encode a fine-grained aspectual distinction, which results in a se-

quence of up to four aspect makers in successive order. In Example 7, for instance,

we can see a sequence of three aspect markers that together express a meaning of ter-

mination. As such, there can be a chained sequence of TPs such as TP(sèt | càP, kamlaN).

This means that, from a SL standpoint, Thai L1 adults must track and learn to com-

bine more than two co-occurring aspect markers in order to express various aspectual

distinctions.

Second, a large number of post-verbal markers, including yùu and maa, still func-

tion as verbs. Because of this, these markers can be followed by a larger set of words

in much more diverse contexts than what is sketched out in this section. Assuming

that learners have some rudimentary knowledge that yùu can be used in two different

ways, they will thus need to track two sets of TPs for yùu, which are TP(np|yùuloc)

and TP(asp|yùuasp). This means that for some markers, there is a one-to-many corre-

spondence between form and function/meaning. It is likely that these markers will be

more challenging to track than those that are fully grammaticalized and thus have

one-to-one correspondence.

2.4.2 Acquisition of second language tense-aspect morphological

marking

I begin this section by considering the extant literature in cognitive science that ex-

amines adults’ and children’s temporal knowledge. This discussion is foregrounded in
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order to illustrate a vast network of temporal concepts that adults possess irrespec-

tive of their L2/Ln abilities. I then discuss tense-aspect morphological marking in

adult language learners, considering evidence from both meaning- and form-oriented

studies.

Adults’ and children’s concepts of time

When it comes to temporal concepts, adults possess quite a sophisticated notion of

time. They have developed a propensity to construe an event in a linear sequence

on a mental timeline (Tillman, Marghetis, Barner, & Srinivasan, 2017). Not only

can adults think about time independent of events (McCormack, 2015), but they

also have a fine-grained understanding of temporal ordering of events (H. H. Clark

& Clark, 1968; Dery & Koenig, 2015). For adult L2/Ln learners, their conceptual

knowledge of time is firmly established when they begin learning another tense-aspect

system. As we shall see below, this knowledge can exert its influence on adult L2/Ln

users’ developmental trajectory of L2/Ln tense-aspect marking and lead to a different

trajectory from that of monolingual children.

For very young children, the concept of time is very challenging. In fact, chil-

dren exhibit difficulties in fixing an event on some temporal interval, as evidenced in

non-adult-like comprehension of Russian imperfective (Kazanina & Phillips, 2007).

Another challenge comes from deictic time words (e.g., yesterday and tomorrow).

These words refer to a span of time and have varying reference, which requires in-

dexical resolution (Levinson, 2004); Tuesday’s yesterday is a completely different day

from Monday’s. Monolingual English-speaking children begin producing deictic time

words at around age 3 but do not develop an adult-like usage of these words until

they are in elementary school (Grant & Suddendorf, 2009; Harner, 1975; Tillman &

Barner, 2015). Such usage requires that children have some form of representation of
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temporal knowledge with regard to duration, order, and location (McCormack, 2015;

Tillman, Fukuda, & Barner, 2017). More importantly, mature usage and knowledge

of deictic time words seem to lag behind children’s ability to mark tenses morpholog-

ically, which is evident albeit still variable by age 3 (Legate & Yang, 2007).

It is worth considering at what age children demonstrate adult-like usage of the

deictic time words. Tillman, Marghetis, et al. (2017) asked 3- to 8-year-olds, along

with English-speaking adults, to indicate on a vertical timeline when an event takes

place. The timeline extends from left to right, with the left side signifying the past

(i.e., a picture of a toddler in the stimuli) and the right showing the future (i.e., a

picture of a grown-up man). Children’s nascent understanding of the words’ deictic

status (i.e., past, present, and future), order (e.g., yesterday is to the left of tomorrow),

and remoteness (i.e., the word’s relative distance to “now”) gradually give way to an

adult-like understanding, with the knowledge of deictic status and order emerging

earlier (at around age 4) and remoteness later (at age 7). The findings of this study

clearly show that for children a nuanced concept of time emerges extremely late,

compared with their ability to encode time grammatically.

Adult learners, on the other hand, come to the task of L2/Ln learning with exten-

sive knowledge about the world, including temporal knowledge. Such sophisticated

notion of time is manifest in strategies adult L2 users employ to talk about time when

they are not yet able to do so through grammatical means. Early SLA research with

adult immigrants to an English-speaking country aptly demonstrated that these be-

ginning L2 learners relied heavily on order-of-mention discourse strategies as well as

lexical items, particularly deictic time words (Bardovi-Harlig, 1992b; Dietrich et al.,

1995; Klein & Perdue, 1997; Schumann, 1987). In fact, this developmental trajectory

is well documented: Adult L2 users go through pragmatic and lexical stages before

consistently using inflectional morphology to express time (Bardovi-Harlig, 2000).
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Tense-aspect morphological marking in L2 learning

Broadly speaking, there are two approaches to investigating L2 tense-aspect mark-

ing: meaning-oriented and form-oriented. As for the first approach, meaning-oriented

studies have been influenced by typology research (Comrie, 1976; Dahl, 1985; Smith,

1997) and take, as a starting point, the semantic associations between situation and

viewpoint aspect. These two categories correspond to lexical and grammatical aspect

commonly used in SLA research. At first blush, it seems that viewpoint aspect can

freely combine with situation aspect. Nonetheless, there are some restrictions. The

scope imposed by the semantics of the predicate (e.g., stative verbs) will render some

combinations anomalous (e.g., state-progressive as in *I am owning a car). This tenet

is the crux of the Aspect Hypothesis, which specifically emphasizes the form-meaning

connection between verbal categories and grammatical elements, namely morpholog-

ical marking on the verbs (Andersen & Shirai, 1996; Shirai & Andersen, 1995). Such

connection has important ramifications for the emergence of temporal marking in

L2/Ln grammar. For instance, it is argued that learners would initially associate the

-ed inflection with achievement verbs (e.g., stop and explode) which are punctual

and have a clear endpoint and that learners would prefer to use the -ing inflection

with activity verbs such as sleep and run, which are dynamic and have no clear end-

point (see, e.g., Bardovi-Harlig, 2012). Aspect Hypothesis research with L2 learners

thus tests whether these predictions are supported by L2 data. A large number of

studies have found this to be the case (e.g., Ayoun, 2013; Housen, 2002; Munoz &

Gilabert, 2011; Salaberry, 2011). For example, L2 learners of English from a number

of L1 backgrounds initially associated achievement verbs with perfective past as in

The bomb exploded and activity verbs with progressive as in She is sleeping (Bardovi-

Harlig, 2000). This form-meaning connection in learners’ data may be due in part to
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distributional patterns of the linguistic input (Shirai & Andersen, 1995; Wulff, Ellis,

Römer, Bardovi-Harlig, & Leblanc, 2009). More recently, Aspect Hypothesis studies

have explored the extent to which L2/Ln learners, particularly those with higher L2

proficiency, extend certain tense-aspect marking to non-prototypical cases (e.g., the

use of stative verbs with the progressive as in I am loving it) (e.g., Munoz & Gilabert,

2011; Salaberry, 2018).

The Aspect Hypothesis studies reviewed above have empirically shown that lan-

guage learners associate situation and viewpoint aspect at a semantic level by produc-

ing tense-aspect inflection morphology with its prototypical and non-prototypical lexi-

cal items. In contrast to meaning-oriented studies, form-oriented research is concerned

with correct use of tense-aspect inflections themselves. It is generally observed that L2

users from an isolating L1 background (e.g., Cantonese and Mandarin) demonstrate

protracted variability (e.g., Ionin & Wexler, 2002; Klein & Perdue, 1997; Lardiere,

1998; Paradis, Rice, Crago, & Marquis, 2008; Paradis, Tulpar, & Arppe, 2016). They

often produce non-finite, bare verbs in a finite position (e.g., *Yesterday, I play soccer

with friends). In one of the most oft-cited studies, Lardiere (1998) presents a case

study of Patty (Mandarin and Hokkien L1s), who had lived and worked in the United

States for about 20 years. Lardiere argued that Patty had ample opportunities to ac-

quire English tense-aspect morphology but supplied approximately 35% of the regular

past-tense inflection -ed in obligatory finite contexts in all of the three recording ses-

sions. More recently, Prapobaratanakul and Pongpairoj (2016) present a case study of

one Thai adult English learners who supplied the -ed 38% of the time in spontaneous

speech (i.e., a one-to-one interview with the researcher). This was the case despite the

fact that she was able to perform at ceiling in a grammaticality judgment task that

tested her English past-tense knowledge. It must be noted though that the learner was

able to correctly use irregular past-tense verbs 96% of the time in her spontaneous
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speech. Last but not least, Prévost and White (2000) further showed two L2 French

and two L2 German learners substituted non-finite verbs for finite forms but rarely

the inverse (see also Klein & Perdue, 1997).

Language transfer in L2/Ln learning of tense-aspect marking

As mentioned in Section 2.1, SLA researchers inquiring into the development of tense-

aspect marking by adult learners at least initially tended to emphasize universal

trajectories while minimizing linguistic transfer. In particular, Bardovi-Harlig (2000)

suggested in her seminal book that L1 background has negligible effects in the devel-

opment of this area of L2 grammar. Relevant research since then has accumulated,

however, through studies specifically designed to address questions of linguistic trans-

fer. The extant evidence clearly demonstrates important transfer effects in the L2

development of tense-aspect marking.

One set of evidence for language transfer in L2/Ln tense-aspect marking comes

from meaning-oriented Aspect Hypothesis studies, which probe form-meaning asso-

ciations between tense-aspect morphology and verb semantics, specifically testing

whether the use of tense-aspect morphology was influenced by verbal semantics simi-

larly across L2/Ln learners from different L1 backgrounds (see also Sugaya & Shirai,

2007). An oft-studied difference in focus in these studies was French versus English.

French has two past-tense forms that differ in terms of aspectual distinction each

one encodes: Passé Composé with perfective reading and Imparfait with imperfec-

tive reading. In contrast, English relies on the -ed form to express both readings (e.g.,

James watched a movie and James watched a movie [every other night]). In one of the

first studies to investigate L1 effect on form-meaning pairings, Collins (2002) focused

on the English past-tense -ed form and its associations with achievement (e.g., clean

the room) and accomplishment (e.g., arrive at the station) predicates, both of which
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have a clear endpoint and thus are telic. Collins elicited the form from Francophone

learners of English in Québec, Canada, with the use of a fill-in-the-blank cloze test.

She found that in their non-targetlike responses learners supplied the English Perfect

most frequently. Importantly, the use of the English Perfect with telics was observed

not in less proficient Francophone learners but in those who were able to supply

the -ed inflection correctly approximately 50% of the time. Collins (2004) followed

up on her 2002 study by investigating L1 influence on the same form in a cross-

sectional study with Japanese- and French-speaking learners of English in Canada.

She observed similar results with respect to the French L1 learners; they were less

accurate with achievement and accomplishment verbs than the Japanese learners.

Lower accuracy stemmed from the use of the English Present Perfect instead of the

Simple Past. In addition to these two studies, Ayoun and Salaberry (2008) found

that French-speaking learners of English in France had a tendency to incorrectly sup-

ply the Present Perfect with telic verbs. Nonetheless, there was individual variation;

more proficient learners responded with the Perfect more often than those with weaker

L2 English proficiency. These three studies argued that the (over)use of the English

Perfect in French-speaking learners in both second- and foreign-language contexts

stemmed from learners transferring to English a structurally similar, yet functionally

different construction Passé Composé, from French which is encoded periphrastically

(i.e., auxiliary + past participle) like the English Perfect.

More recent meaning-oriented studies have begun to assess the influence of prior

linguistic knowledge outside the purview of the Aspect Hypothesis. Specifically, these

studies are informed by the fact that form-meaning correspondence differs from one

language to another. For languages such as German, aspectual distinctions such as

the ones carried out in French by the Passé Composé versus Imparfait, which are con-

flated in English into the single -ed form, are not carried by past-tense forms at all
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but by discourse context. Based on this cross-linguistic analysis, McManus (2015) in-

vestigated whether English- and German-speaking learners of French differed in their

production of French past-tense forms. McManus hypothesized that learners would

transfer their form-meaning correspondence from their L1 to L2 French. Specifically,

he predicted that the German L1 group would not distinguish the two readings and

instead consistently produce one French past-tense form for both perfective and ha-

bitual contexts. This was argued to be the case due to the fact that German does

not encode aspect on the verbs. Similar to the German L1 group, English learners

were expected to encode the two aspectual readings in French with one past-tense

form, since this is also the way English expresses form-meaning correspondence be-

tween the -ed morpheme and aspectual meanings. McManus did not make specific

prediction as to which form each group would reliably produce and whether the two

groups would choose to produce the same form. The results showed, consistent with

the predictions, that the German L1 learners consistently used Passé Composé to

mark both perfectivity and habituality. Contradicting the predictions, however, the

English L1 group used both past-tense forms with reasonable accuracy, producing

Passé Composé in perfective contexts and Imparfait in habitual contexts. McManus

argued that the results, particularly with regard to the German group, supported the

hypothesis that learners transfer form-meaning correspondence from their L1 to an

L2/Ln.

Adopting the same perspective as McManus (2015), González and Hernández

(2018) tested the production of Spanish past-tense forms in English-speaking and

Dutch-speaking learners of Spanish. Spanish has three distinct forms, one for each as-

pectual reading: Present Perfect for perfect aspect, Preterit for perfective aspect, and

Imperfect for imperfective aspect. Conversely, Dutch has Present Perfect and Simple

Past forms, but its Present Perfect can have both perfect and perfective readings. It
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was thus hypothesized that the Dutch L1 group would show a higher use of Spanish

Present Perfect while the English L1 group would produce Spanish Preterit in both

perfective and imperfective contexts in their story narration as a result of the English

Simple Past encoding both readings. These predictions were borne out; the Dutch

L1 group produced Spanish Present Perfect in Perfective contexts, and the English

L1 group supplied Spanish Preterit in perfective and imperfective contexts. González

and Hernández concluded that learners mapped form-meaning pairings of past-tense

form(s) in their L1 onto the L2 Spanish they were learning. The findings thus showed

a clear effect of L1 transfer on L2 temporal expressions.

Turning to third set of evidence, the influence of prior linguistic knowledge on

L2/Ln tense-aspect marking can also be observed in form-oriented studies. While

early morpheme studies hinted at a universal order of morpheme acquisition, which

Bardovi-Harlig (2000) cited as evidence against transfer in L2 tense-aspect marking,

recent evidence has shown strong transfer effects. Murakami and Alexopoulou (2016)

analyzed language examination papers in the Cambridge Learner corpus. These texts

were written by learners of English with a wide range of English L2 proficiency and

from diverse L1 backgrounds. The authors focused among other things on three En-

glish tense-aspect inflectional morphemes (i.e., -s, -ed, -ing). In a subset of analysis,

the authors tested whether transfer effect would account for accurate use of the three

forms. Specifically, they coded whether or not an L1 of each group of learners had a

functional counterpart to each of the target English forms. For example, Japanese has

a past-tense form (i.e., -ta) which corresponds to English -ed. As a result, Japanese

L1 learners were considered to have a corresponding past-tense form in their L1. The

following findings were observed. Firstly, the use of the 3psg -s showed clear L1 effect.

In high English L2 proficiency group, learners with a functional counterpart to the -s

morpheme in their L1 were more accurate with the English form than those without.
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Secondly, whether or not learners’ L1 had an equivalent form for the Progressive -ing

did not influence the accuracy. That is, learners across L1 backgrounds were highly

accurate in their production of the form. Lastly, since every L1 included in the study

had a form similar to the Simple Past -ed, it was not possible to test whether the

presence (or absence) of a past-tense form in learners’ L1 impacted their accuracy

with the -ed inflection.

In a different population, Blom and Paradis (2015) probed child L2 learners of

English on their production of the -s and -ed forms. It will be remembered that in the

present dissertation a miniature language was designed such that one set of encodings

mimicked how the two English forms are expressed. As part of the design, child learn-

ers came from L1 backgrounds that either mark temporal information on the verbs

or do not. Blom and Paradis found that children from an inflecting L1 background

(Portuguese, Spanish, and Urdu in the study) were more accurate on -s and -ed than

children from an isolating L1 background (Cantonese, Mandarin, and Vietnamese).

The findings expanded upon an earlier study by Blom et al. (2012) with typically

developing child L2 learners of English. The authors found, among other factors, that

a child’s L1 influenced her accuracy on the -s form in spontaneous conversation. That

is, children from an isolating L1 background (Cantonese and Mandarin) were less ac-

curate on the form than their peers whose L1 is an inflecting language (Spanish and

Romanian). Additionally, Blom et al. found that the L1 effect interacted with verb

frequency. Child L2 learners whose L1 does not inflect verbs for tense and aspect

became less accurate in their production of the -s inflection with verbs that appeared

more frequently in their bare form than with the inflection.

In sum, transfer effects can be expected in the area of tense-aspect marking. But

of primordial relevance for the purposes of the present study, these transfer effects

are an indication that prior knowledge of tense-aspect system in known language(s)
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weighs in the task of learning new knowledge. The English L1 participants in the

present study can be assumed to have developed predictable associations when de-

noting an event time between inflectional morphemes and matrix verbs to which they

attach adjacently (e.g., talks, walked). Conversely, the Thai L1 participants can be

assumed to have established systematic associations between aspect markers, not be-

tween verbs and markers, which can (co-)occur pre- and post-verbally. This is because

from a SL perspective, mastering the tense-aspect encoding of one’s native language

involves tracking dependencies that express temporal information and chunking those

associations into a unitary representation (e.g., Perruchet, 2019). As these adult par-

ticipants come to a new language, in this case the miniature language designed for

the present experiment, they may use systematic associations from their L1 to gener-

ate expectations for the novel tense-aspect encodings to which they will be exposed.

Moreover, because Thai L1 adults have learned English as an Ln to varying degrees

of success, their prior expectation about systematic associations of the English tense-

aspect system can also vary.

2.5 Bayesian data analysis

Bayesian methods are a principled approach to data analysis that considers an ana-

lyst’s knowledge about an issue in conjunction with data. According to Kruschke and

Liddell (2018a), Bayesian data analysis is “reallocation of credibility across possibili-

ties” (p. 156). Here, I invited readers to take a look at one example to illustrate what

reallocation of credibility entails. Here is how the story goes.

On one October morning in Bangkok, we look out the window from our bedroom

and see a hazy sky. But even before this most recent observation, we have some

ideas about potential causes of a hazy-looking sky from our past experience. Let’s
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say that there are two possibilities: winter fog and pollution haze. Each possibility

comes with a different degree of credibility. We know that, for instance, winter does

not usually arrive in Bangkok until December, so a fog is not extremely credible to

begin with. The other option, pollution haze, happens year-round and usually spikes

after a harvest season throughout most parts of Southeast Asia. Thus, we think that

pollution haze is a safer bet. Now that we have a datapoint from our observation

and prior credibility of each explanation, we use the two sources to reallocate (or

“update”) the credibility of the two possibilities. With just one datapoint, we can

only tentatively say that pollution haze is a somewhat better explanation of the hazy

sky. Suppose further that we obtain more information (e.g., the same hazy-looking

sky for one full week) but this time there is a cool breeze in the morning. With this

additional information, we can update the two possibilities once again. We now think

that the winter fog is more consistent with the data; thus, we assign higher credibility

to this explanation. Despite the fog being a weaker candidate explanation at the

outset, it ends up being favored due to the amount of evidence we have.3 In Bayesian

data analysis, reallocation of credibility across possibilities follows the mathematical

description of Bayes’ Theorem.

Derived from the game of chance, Bayes’ rule states that the conditional probabil-

ity of an event of interest given another event, P (B|A), is proportional to the product

of a conditional probability of A given B, denoted as P (A|B), and a marginal prob-

ability of A, denoted as P (A). Together these elements can be written as: P (B|A) ∝

P (A|B)×P (A). When applied to many areas of cognitive development, including lan-

guage learning, Bayes’ rule is often restated as: P (H|D) ∝ P (D|H)× P (H). H and

D stand for hypothesis and data, respectively. In linguistic research, hypotheses can
3Sadly, winter never came. The hazy-looking sky in Bangkok during the month of October

was due to air pollution from many infrastructure projects in and around Bangkok as well
as forest fire from other countries in Southeast Asia.
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be substituted for participants’ vocabulary knowledge, speakers’ preference for dative

alternation, response accuracy, and so on. The posterior distribution, P (H|D), is the

target of Bayesian data analysis. It captures the probability of a particular hypoth-

esis (or parameter in statistical analysis) when we know the data. This probability

distribution represents probabilities of the parameter values, and the spread of the

distribution also quantifies the amount of uncertainty in the estimate of parameter

values. To obtain the posterior distribution, we rely on the likelihood, P (D|H). It is

the probability with which the data are to be observed when a particular hypothesis

is true. The other element, P (H) is the prior probability. It expresses the belief we

have about a specific hypothesis before we observe the data (see, e.g., Perfors, Tenen-

baum, Griffiths, & Xu, 2011). The goal of Bayesian analysis is to estimate a posterior

distribution on parameter values.

The use of probability in Bayesian data analysis is different from a more canon-

ical frequentist approach to statistical analysis that is commonly found in applied

linguistics, linguistics, and psychology. The notion of credibility as discussed above

is a probability statement that we assign to, say, a hypothesis. In Bayesian methods,

probability is subjective; it quantifies an amount of uncertainty (Jaynes, 1986) or a

personal belief that one has about a particular event (De Finetti, 2017). This means

that we can use probability to express how likely each event or value is (Kruschke,

2015). We may express our belief that a coin, for example, will come up heads six out

of ten times, P (Heads) = 0.6. However, if we know that the coin we are holding in

our hand is bent, we may choose to say that the probability of this coin coming up

heads is even more likely, P (Heads) = 0.8. This notion of probability stands in sharp

contrast to that of frequentist statistics. In frequentist methods, probability expresses

a long-run frequency of an event and is obtained from an infinite number of repeti-

tions of an event. The probability of a coin toss coming up heads over many multiple
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runs of the event will always be P (Heads) = 0.5. Under this view of probability, it

is possible to work out the solution of a coin coming up heads because the space of

possible events can be enumerated, that is a proportion of heads over tails or 1
2
= 0.5.

The subjective view of probability has some important consequences in Bayesian

data analysis. One consequence is that model parameters, which are treated as random

variables, can be assigned a probability distribution. By doing so, we can say how

much belief we have for each value of a parameter. For instance, before data are

collected, we may say that Thai students’ TOEFL scores are normally distributed

with a mean of 90, out of 120, and a standard deviation of 5.5. This implies that

a score of 90 is the most credible (i.e., has the highest probability) and that 95%

of the time the TOEFL scores of Thai students will be around 90 ±11. Another

important consequence is that probability can change to reflect new evidence. The

fact that probability represents the amount of uncertainty or belief means that when

we have new information that reduces our uncertainty, the probability should change

accordingly (McElreath, 2016). This is what we can see in a posterior distribution

that takes into account both prior information and what the data say.

In statistical analysis, observed data are described in terms of mathematical mod-

els that have meaningful, model-specific parameters. Suppose we measure reaction

times from both native and non-native speakers as they read adjective-noun colloca-

tions (e.g., strong tea and fake news). As we inspect the data, we can see it is normally

distributed. Consequently, we may choose to say that the data are generated from

Gaussian distribution. By choosing to use the normal distribution as a likelihood, we

make an assumption that the data can be described by two parameters: mean and

standard deviation. Regardless of statistical methods (Bayesian or frequentist), the

goal of statistical analysis is to determine the values of these two parameters that are

most likely, given the observed data. Nonetheless, Bayesian inference requires addi-
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tional steps beyond those commonly completed in frequentist settings. One of those

steps involves specifying a prior distribution for each parameter of the model. Re-

searchers can bring informed decision to bear on data analysis by specifying a prior

distribution that represents the current state of knowledge regarding a particular

topic. To continue with our example, suppose that on average non-native speakers

were approximately 15 ms slower than native speakers with low-frequency formu-

laic sequences (e.g., Supasiraprapa, 2019). Per statistical analysis, we may choose to

run a multiple regression model that predicted RTs from a number of experimental

factors, including a native-speaking status (e.g., µ = α + βNNS(Non-native)). With

the 15-ms difference we have learned from one previous study, we can say that the

prior distribution for βNNS is Gaussian, Normal(15, 50). Rather than supplying an

informative prior, researchers may opt for a weakly informative prior that only con-

strains parameter values to be within a reasonable range (Gelman et al., 2014). Doing

so has some benefits, particularly the computation time. While much has been said

about researchers’ biases in prior specifications, the reality is that in many applica-

tions of Bayesian data analysis in psychology, the choice of priors rarely matters (e.g.,

Nicenboim & Vasishth, 2016). In Chapter 4, I provide a detailed analysis plan for

each research question. I also discuss extensively the choice of priors and sensitivity

analysis of different priors for each model.

What can Bayesian data analysis bring to the table? Much has been written about

inherent shortcomings of frequentist methods, particularly the misuse of p-value (e.g.,

Kruschke & Liddell, 2018b; Simmons, Nelson, & Simonsohn, 2011). Bayesian methods

for statistical analysis have several advantages (e.g., Dienes, 2011; Kruschke & Liddell,

2018a). For many researchers and applied practitioners, it is much more complex to fit

a Bayesian model as it involves acquiring some understanding of probability. Despite

its complexity, Bayesian methods are increasingly used in various areas of linguistics
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(e.g., Gudmestad et al., 2013; Levshina, 2016) and should become an important toolkit

in statistical analysis in SLA research for one out of many important reasons. In

Bayesian data analysis, we obtain far more than a single parameter value (and a

binary decision to reject vs. accept the null hypothesis). In fact, we are able to obtain

the full posterior distribution of a parameter. This distribution tells us which values a

parameter can take, given the data. Furthermore, because the posterior distribution

is a probability distribution, we can also learn about the credibility of each parameter

value. To use the example of RT data, we can obtain a full range of values of RT

slowdown that the model thinks is most consistent with the data, along with the

probability of each value. This information is meaningful primarily because we can

see if and to what extent the effect is positive (or negative). Having access to such

information can lead to synergy between research and practice, particularly in areas

that have immediate needs for research application (e.g., foreign language teaching,

language disorder treatment, etc.) This intuitive appeal of Bayesian methods has been

aided by probabilistic programming languages such as Stan, on the one hand, and

front-end access to those languages such as brms (Bürkner, 2018) and rethinking

(McElreath, 2016), on the other.

2.6 Research questions and hypotheses

Taken into account the various interdisciplinary research areas reviewed in this

chapter, the present dissertation investigated the extent to which adult participants

adapted to tense-aspect encodings of a miniature language and whether such adapta-

tion differed as a function of different prior expectations. Participants were exposed

to a miniature language that expressed two temporal meanings, continuation and

completion, probabilistically with English- and Thai-analogous tense-aspect encod-
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ings. In English-analogous encoding, temporal meanings were denoted by the pairings

between lexical and sub-lexical items. Conversely, in Thai-analogous encoding, the

associations between lexical items carried temporal meanings. Such instantiation

resembled the way in which English and Thai encode temporal information. Partici-

pants were selected from two L1 backgrounds: (1) a group of functionally monolingual

English L1 adults, and (2) a group of Thai L1 adults with varying degrees of English

L2 proficiency, assessed directly via an English proficiency test. Thus, the Thai L1

group consisted of bilingual speakers with lower English proficiency as well as those

with higher English proficiency. With zero knowledge of the miniature language,

participants in both groups constituted learners of novel tense-aspect encodings.

The miniature language counted as an L2 for the English L1 participants but was

an Ln for the Thai L1 adults, since they had knowledge of English and, for some

participants, other additional languages.

In a within-subject, exposure-test design, participants received exposure to the

tense-aspect encodings of the miniature language over four training modules. Both

English- and Thai-analogous (Ln-analogous henceforth) tense-aspect encodings were

interleaved during presentation. Each training module was followed immediately by

a testing phase in which participants’ sensitivity to the tense-aspect encodings was

assessed. As a primary outcome of the experiment, response accuracy was a behavioral

index of adaptation to novel tense-aspect encodings.

The following research questions and hypotheses guided the present study. Each

of the questions was motivated by the confluence of recent work in cognitive science

and extensive literature on language transfer in adult L2/Ln learning:

1. Are participants more accurate with their L1-analogous tense-aspect encoding?

Put differently, research question one tests whether the effect of Ln-analogous
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encodings in the test items on response accuracy is conditional on participants’

L1 (i.e., an interaction between Ln-analogous encodings and participants’ L1).

• Hypothesis 1. Overall, participants will be more accurate with test items

that mimic their L1-analogous tense-aspect encoding. That is, English L1

participants will score higher on the test items that instantiate an English-

analogous tense-aspect encoding while Thai L1 participants, irrespective

of their English L2 proficiency, will perform better with test items that

mimic a Thai-analogous tense-aspect encoding. This hypothesis assumes

that adult learners of the miniature language form expectations about

tense-aspect encodings and use probabilistic prior expectations to guide

their adaptation to novel language input. Because adult learners have more

extensive exposure to their L1, they should expect more strongly that a

novel tense-aspect system is expressed similarly to their L1. As a result

of this stronger expectation, adult learners of a miniature language should

demonstrate better adaptation to —i.e., become more accurate with—

their L1-analogous tense-aspect encoding.

2. Do participants adapt to their L1-analogous encoding faster than the other Ln-

analogous encoding? While the previous question addresses overall accuracy as

behavioral evidence of adaptation to participants’ L1-analogous tense-aspect

encoding, this question probes a change in response accuracy on each day of

the experiment.

• Hypothesis 2. As discussed in research hypothesis one, participants’ adap-

tation to their L1-analogous encoding is expected to be better due to a

stronger expectation that a novel tense-aspect system is expressed with a
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similar kind of systematic associations. Along this line of reasoning, adult

learners should require less input to adapt to their L1-analogous encoding

and, by the end of the first day, become more accurate with this pattern.

Put differently, the hypothesis states that a more positive change toward

the L1-analogous encoding is observed on the first day of the experiment.

Like research question one, this hypothesis is also about an interaction

between Ln-analogous encodings and participants’ L1 but with respect to

the change in response accuracy on the first day of the experiment.

• Hypothesis 3. Nonetheless, with a relatively extensive amount of exposure

to only a handful of target structures, it is hypothesized that participants

will adapt to the two Ln-analogous encodings equally well on the second

day. This means that for each group of participants the change in response

accuracy toward the two Ln-analogous encodings on the second day will

be similar. This hypothesis is in line with empirical evidence of task adap-

tation by the end of training in adults who had no familiarity with an

experiment-induced structure (Fraundorf & Jaeger, 2016; Xie et al., 2018).

3. Are there differences in the way Thai L1 participants with lower English pro-

ficiency and Thai L1 participants with higher English proficiency adapt to the

two tense-aspect encodings? To consider the Thai L1 participants as one ho-

mogeneous group discounts their qualitatively different prior experience with

English. Because L2 knowledge can independently contribute to test perfor-

mance in an Ln (Schepens et al., 2016), it may be the case that for Thai L1

participants, their adaptation to the two tense-aspect encodings differs as a

function of their English proficiency. With that in mind, the research hypothe-
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sis two is restated such that participants’ linguistic profile —operationalized as

proficiency— rather than their L1 is considered.

• Hypothesis 4. Thai L1 participants with lower English proficiency will show

faster adaptation to the Thai-analogous encoding than to the English-

analogous encoding on the first day. Thai L1 participants who have higher

English proficiency may perform much like their Thai L1 participants with

lower English proficiency, showing an L1-dominance effect (Schepens et al.,

2016). Conversely, they may adapt to both encodings in the same manner,

showing similarly positive change in response accuracy.

4. To what extent does measured prior knowledge of English tense-aspect influence

participants’ response accuracy on the English-analogous encoding? Research

question four focuses specifically on the effect of English tense-aspect knowledge

of English L1 and Thai L1 participants, measured by means of a cloze test, on

response accuracy on test trials that instantiate the English-analogous encoding.

• Hypothesis 5. If prior expectations are formed and strengthened through

SL over the lifespan and if prior expectations guide adaptation to a novel

tense-aspect system, it follows that successful SL of tense-aspect systems

should be closely tied to successful adaptation to a novel tense-aspect sys-

tem in the miniature language, particularly when the two systems utilize

the same kind of systematic associations to encode temporal meanings.

While previous studies have shown a positive relationship between domain-

general SL and knowledge of syntactic structures (e.g., E. Kidd & Arciuli,

2016; Misyak & Christiansen, 2012), the present work draws a specific

connection between past SL of tense-aspect systems adults have experi-

enced outside the lab and adaptation to miniature language’s tense-aspect
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encoding within a laboratory setting. It is thus hypothesized that partici-

pants’ English tense-aspect cloze performance, which taps into sensitivity

to systematic associations between lexical and sub-lexical units, positively

predicts their adaptation to the English-analogous encoding.
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Chapter 3

Method

3.1 Participants

Participants were college students who came from two L1 backgrounds: English (final

n = 30) and Thai (final n = 66). The English L1 group consisted of undergraduate

students enrolled at a private university in the Greater Washington, D.C. area, and

the Thai L1 group was comprised of college freshmen from diverse majors (e.g., en-

gineering, education, and political science, to name a few) at one major university

in Bangkok, Thailand. Thus, for both samples the participants were chosen from a

student body that is highly selective, in terms of both academic and socioeconomic

background. This study received the approval of Georgetown University’s Institutional

Review Board (No. 2018-0835) and the official permission of the administration at

the host university in Thailand.

After conducting a power analysis (see Section 3.2), participant recruitment was

done through appropriate channels that maximized response in their respective insti-

tutional settings. Specifically, the English L1 group was primarily recruited by means

of on-campus flyers and in-person visits to Introduction to Language classes. The Thai

L1 participants were recruited via a post on a Facebook group for college freshmen

of the large public university chosen as the research site. All participants consented

to participate (see Appendix A). The English L1 participants received $5 each for

completing the first and second days and a bonus of $25 after they completed the
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final day ($35 in total). Thai L1 participants were paid an equivalent amount in Thai

Baht.

In the remainder of this section, I discuss participant characteristics separately for

the two L1 groups, lending particular attention to the empirical basis for grouping

participants into functionally monolingual and functionally bilingual categorizations

and proficiency categorizations.

The English L1 participants were “functional monolinguals” (Brown & Gullberg,

2012) or “minimal bilinguals” (Cook, 2003). What constitutes functional monolingual-

ism is often loosely defined in previous studies. For instance, Brown and Gullberg

(2012) characterize a functional monolingual as someone with “no current or recent

study of English or any other L2, and no daily use of English or another L2” (p. 421).

In order to capture functional monolingualism in quantifiable terms as well as to facil-

itate replication, I modified the Language History Questionnaire (LHQ) (Li, Zhang,

Tsai, & Puls, 2014) for use as a screening tool. Potential English L1 participants com-

pleted the language learning questionnaire, shown in Appendix B, via Qualtrics, and

those who met all of the following characteristics were invited to participate in the

study. Firstly, English L1 participants needed to report growing up in a monolingual

English-speaking household by selecting either American English, African American

vernacular English, or both as an answer from a list of major languages spoken in the

US. This list came from The American Community Survey (ACS) 2009− 2013 data

available on the United States Census Bureau’s website. Secondly, while English L1

participants accepted for participation in the study might have some knowledge of

an additional language, they must not be proficient in that language. To ensure this

was the case, average self-rated proficiency in a language other than English that po-

tential participants reported knowing had to be equal to or below 4 (i.e., functional)

out of a maximum scale of 7 (i.e., native-like). Note that a similar cut-off point was
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also adopted by Poepsel and Weiss (2016) in their comparative study of SL abilities

between bilingual and monolingual participants. Moreover, in the present study, each

of the four language skills (i.e., speaking, writing, listening, and reading) had to be

rated below 4 in order to filter out heritage language speakers. Thirdly, for potential

English L1 participants who reported knowing another language at level 4 or below,

their daily use of that language was not greater than 20% of the time (or 4.8 hours

per day). Lastly, the functionally monolingual English L1 participants admitted into

the study did not know Thai, other Southeast Asian languages, or Mandarin.

Through this screening process, a total of 33 self-reported functionally monolingual

English L1 participants joined the study. Data from two participants were excluded

due to the failure of the program to record the data in one of the training sessions;

thus, the included sample was 31 participants (self-identified as 19 female and 12

male). Participants’ ages ranged from 18 to 25 (M = 19.41, SD = 1.64). Overall self-

rated English proficiency was 6.93 out of 7 (SD = 0.28), with all but three participants

giving themselves a maximum point. Of the 31 participants in the English L1 group,

18 or 58% reported knowing and/or studying another language (11 Spanish, 2 French,

and one each for German, Hebrew, Italian, Korean, and Urdu). Additionally, when

queried about language exposure during childhood, all participants reported being

exposed to American English, with some listing other languages and/or dialects.

These included — in alphabetical order— African American vernacular English (3),

French (1), Korean (1), Spanish (4), and Urdu (1).

In addition to demographic information, the English L1 participants completed

an English tense-aspect cloze test (see Section 3.6 for more information regarding

the cloze). As expected, they scored at ceiling, with an average of 11.6 out of a total

of 12 points (SD = 0.70, range = 9 − 12). There were seven out of 31 participants

who did not achieve a perfect score. Their scores were 11 (n = 5), 10 (1), and 9 (1).
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(a) (b)

Figure 3.1 Distribution of English L1 participants’ cloze test scores (n = 31)

Two common items that elicited variable performance were crash and panic. For both

items, participants supplied a past progressive instead of a past simple form which

was the target answer. While this answer differed from that of English L1 test takers

recruited for the piloting of the cloze test, it was to be expected as speakers may take a

different viewpoint of the scene. Figure 3.1a shows at-ceiling, truncated distribution of

cloze scores of English L1 participants, which differed markedly from that of Thai L1

subjects (see below). Q-Q plot (Figure 3.1b) further illustrates participants’ at-ceiling

performance.

As mentioned, the English L1 participants were considered monolingual English L1

speakers. Conversely, for the present dissertation, Thai L1 participants were treated

as Thai L1-English L2 bilinguals. As a group, they were also subdivided into Thai

L1 group with lower English proficiency and Thai L1 group with higher English

proficiency. It must be noted, however, that the Thai L1 subjects came from a diverse
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linguistic background and that bilingualism in this context was defined narrowly based

on the Thai L1 participants’ English proficiency. In reality, a large number of Thai

L1 participants were exposed to many regional dialects of Thai in their childhood

and subsequently to Standard Thai when they started school, as is also true of Thai

people in general (see, e.g., Premsrirat & Bruthiaux, 2018).

All of the Thai L1 participants were college freshmen. At this university, under-

graduate students are required to take two university-wide English courses in their

first year of college. In second or subsequent years, they are required to take English

for Academic Purposes courses designed specifically for their own field of study. It

was thus important to restrict the recruitment to the population of college freshmen

so as to ensure somewhat similar English-learning experience at the university level.

Potential participants completed a screening questionnaire on Google Forms probing

(1) their self-rated English-proficiency and (2) knowledge of additional language (Ln)

other than English. Participants who reported that they neither knew nor were ac-

tively using/learning any Ln besides English were invited to participate in the research

study. Nonetheless, as with the English L1 sample, a number of these participants

reported knowing and/or studying an Ln. This information, along with information

about language/dialect exposure during childhood, was elicited in a debriefing session

of the experiment, and it is reported below.

A total of 68 Thai L1 subjects joined the research study. Data from one subject was

removed due to computer malfunction on the first day of the experiment. Thus, the

included sample was 67. Participants identified themselves as female (40), male (21),

non-binary third-gender (3), and non-specified (3). A median age of the group was 19

years old (n = 47 or 70.15%), with a range between 18 (18 or 26.87%) and 20 (2 or

2.99%). Languages and/or regional dialects with which participants reported having

grown up included: Central or Standard Thai (64), Northeastern Thai (Thai Isaan)
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(13), Northern Thai (5), Southern Thai (11), Arabic (1), English (11), Khmer (1),

Laos (1), Teochew (3), and other regional dialect of Thai (1). Participants reported

being exposed to, on average, 1.66 languages (SD = 0.79, range = 1− 4).

One critical aspect of the present study was to recruit Thai L1 participants with

a diverse range of English L2 abilities so as to capture functional bilingualism on

a continuum. Participants’ English proficiency test scores, which were obtained by

administering the Examination for the Certificate of Competency in English (ECCE;

see Section 3.7), exhibited high variability. They ranged from 10 to 64 out of 70 (Me-

dian = 31, M = 33.75, SD = 12.70). Despite the fact that the normality assumption

of the distribution of proficiency scores of the 67 Thai L1 participants was met, as

revealed by the Shapiro-Wilk test (W = 0.97, p = 0.12), a smoothed density curve in

Figure 3.2a showed a bimodal distribution. Such a pattern was more clearly observed

when participants’ English L2 proficiency were divided into two subgroups using the

median cutoff value. There was a 19-point difference between the two groups (Median

= 24 and 43 for less-proficient [n = 33] and more-proficient [n = 34] English L2 groups

respectively), which was statistically significant, t(58.57) = 12.79, p < 0.001, Cohen’s

d = 3.17. A Cohen’s d value of 3.17 indicated that there was only approximately

11% overlap of ECCE scores of the two Thai L1 groups. Figure 3.2b serves to show

that, consistent with the intended sampling of a bilingual continuum, some Thai L1

participants had stronger English proficiency while others had weaker proficiency in

English. Participants’ performance on the ECCE test aligned with their self-perceived

English proficiency: The more proficient group rated their English skills as functional

(M = 4.07, SD = 0.59) on a 7-point scale, whereas the less proficient group gave a

rating of 3.47 (SD = 0.56), which corresponded to a midpoint between fair (3) and

functional (4). In the present dissertation, and depending on the analyses and foci,

the Thai L1 participants who had higher English proficiency on the ECCE test (n
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Figure 3.2 Distribution of Thai L1 participants’ ECCE scores (n = 67). Dashed
lines are median scores.

= 34) will be called the Thai L1 group with higher English proficiency or higher-

proficiency Thai L1 group; the Thai L1 participants who were found to be weaker in

English (n = 33) will be called the Thai L1 group with weaker English proficiency or

the lower-proficiency Thai L1 group.

Another piece of information regarding English proficiency is English tense-aspect

knowledge, and this was obtained from the same English tense-aspect cloze that

the English L1 participants also took (see Appendix C.1 for a description of this

instrument). Thai L1 participants’ cloze scores ranged from 1 to 12 out of a total of

12 points (M = 6.90, SD = 2.35). A Q-Q plot and the Shapiro-Wilk test revealed that

the normality assumption was met (W = 0.978, p = 0.28). Therefore, an independent

two-sample t-test was conducted to probe whether the cloze scores were significantly

different between the two groups of Thai L1 participants previously identified as
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different in overall proficiency by the bimodal distribution on the ECCE scores. A

significant difference was found, t(64.36) = 3.03, p = 0.003, Cohen’s d = 0.74, such

that the higher-proficiency Thai L1 group earned a higher cloze score (M = 7.73, SD

= 2.07) than the lower-proficiency Thai L1 group (M = 6.09, SD = 2.35). A Cohen’s

d value of 0.74 indicated that there was a 71% overlap of cloze scores of the two Thai

L1 groups (see Figure 3.3b). This large amount of overlap stemmed from the fact that

a number of participants in the higher-proficiency group achieved a low score on the

test (e.g., getting only three or four points). Note that the Thai L1 participants with

stronger English proficiency still performed much less accurately than the functionally

monolingual English L1 participants who, as already reported, scored at ceiling (M

= 11.6, SD = 0.70). To test whether there was significant difference in the cloze test

scores among the three groups of participants, I conducted a Kruskal-Wallis test as the

assumption of homogeneity of variance was violated (F (2, 95) = 10.743, p < 0.001). It

was found that the cloze scores in the three groups of participants were significantly

different from one another, H(2) = 62.03, p < 0.001.

3.2 Power analysis

It was important to consider power when designing the study and deciding on the

target sample size. Previous simulation studies (e.g., Maas & Hox, 2005) have found

that fewer than 50 level-2 units led to an unbiased estimate of standard errors of

the level-2 variances. In addition, Schoeneberger (2016) recommends having at least

50 level-1 units and 40 level-2 units when researchers aim to estimate small constant

effects. In the present study, level-1 units represent test trials and level-2 units, partic-

ipants. The number of participants recruited for the present work (n = 98) exceeded

that recommended in previous simulation studies.
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Figure 3.3 Distribution of Thai L1 participants’ cloze test scores (n = 67)

Nonetheless, I supplemented previous studies by conducting a sample size anal-

ysis with the package longpower in R (Donohue, 2019), taking into consideration

the number of predictors germane to the present dissertation. Because such analysis

was conducted prior to participant enrollment, data were simulated with one binary

outcome variable (i.e., responses with two levels: true or false) and four predictor

variables (i.e., L1, proficiency, cloze, and sessions) which were hypothesized to play a

role in influencing participants’ responses. To simulate Bernoulli trials, the outcome

variable was generated from a binomial distribution with a probability of success at

0.5 (or 50%). Proficiency and cloze scores for the simulation were generated from a

normal distribution separately for the English L1 and Thai L1 participants. More

specifically, cloze scores for native speakers of English were generated with a mean

value close to the maximum point with a small standard deviation. However, in the

simulation the English L1 group received a maximum score for the English proficiency.
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Conversely, Thai L1 subjects’ cloze and proficiency scores were drawn from a normal

distribution with a smaller mean value and wide standard deviation. All materials,

including an R script, are available on an accompanying OSF site. After the data

were generated, a frequentist mulilevel logistic regression was fitted using the glmer

function in the lme4 package (Bates, Mächler, Bolker, & Walker, 2015). Additionally,

a Generalized Estimating Equations (GEE) was fitted using the gee function (Carey,

2015). GEE models are suitable for modeling repeated categorical outcome variables

such as responses to multiple test items from each individual subjects utilized in the

present dissertation. Resulting models from the glmer and gee functions were fed into

the calculation of sample size with the lmm function. A percent change argument of

the function (i.e., a change in β of a parameter of interest) was set to .21. To arrive at

this value, I subtracted English L1 subjects’ endorsement rate for the test items from

that of Korean L1 subjects reported in Experiment 1 of Onnis and Thiessen (2013).

This study was used as it employed a within-subject exposure-test design similar to

the present study. In addition to the percent change argument, power was set at .8

and an observation time, 32 (i.e., a total number of test items each participant would

see). After rounding, a required sample per L1 group was 17 for the glmer model and

14 for the gee model. The sample size of the present study exceeded that required

number.

3.3 Design of the miniature language

The goal of the present dissertation was to investigate whether participants with

different prior linguistic knowledge would exhibit qualitatively different patterns of

adaptation to novel tense-aspect encodings during an initial stage of language learn-

ing. The use of a miniature language in a within-subject, exposure-test paradigm was
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informed by two separate, yet complementary lines of research, both of which have

shown that a miniature language-learning paradigm can be a viable option to inves-

tigate adaptation to two sets of predictable associations in participants with different

prior out-of-laboratory experience. The first strand of research informing the present

design demonstrates that a miniature language can be specifically designed to have

variation in ways that learners’ preferences for one of the many forms can be tested.

For example, in a subset of studies investigating typological universals in a laboratory

setting, Fedzechkina, Chu, and Jaeger (2018) and Fedzechkina, Newport, and Jaeger

(2016) created a miniature language that has two grammatical forms expressing the

same meaning. More importantly, the two forms appear in free variation. After an

exposure test, participants were tested on their production in order to see if they

exhibited preferences for one form over the other and if participants’ preferred form

was a more typologically common pattern (see, e.g., Fedzechkina et al., 2018, 2016).

The second strand of research informing the present design pertains to sentence com-

prehension studies that have investigated comprehenders’ adaptation to experiment-

specific input statistics. The miniature language created in the present dissertation is

akin to a novel linguistic structure with which language comprehenders had little or

no familiarity prior to joining the experiment. In this strand, Fraundorf and Jaeger

(2016) show that comprehenders were able to adapt to a dialectal need construction

(e.g., the car needs repaired) in a similar fashion to those who had out-of-laboratory

experience with the construction.

While the present study builds upon insights from these two lines of research,

it also differs from them in some important ways. First, when miniature language-

learning experiments focus on cross-linguistic universals —as opposed to cross-

linguistic influence, which is the focus of the present study— an important design

desideratum is that participants’ preferences for a particular structure after exposure
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to probabilistic forms must not be attributable to L1 transfer. Accordingly, previous

miniature language studies have often mitigated the impact of native language biases

on probabilistic preferences by using and testing a structure that is not attested in

participants’ L1 (Fedzechkina et al., 2016). The opposite is the case in the present

study, since the goal is to elucidate transfer of expectations for statistical regularities

that underpin tense-aspect encodings of previously-learned languages in adult lan-

guage learners. The systematic associations underlying the tense-aspect encodings

of the present miniature language were designed to be similar to the tense-aspect

encodings of the two languages of participants, which in turn differed critically

from each other, thereby providing a platform to investigate whether participants

adapt equally well to both English- and Thai-analogous tense-aspect encodings.

Second, in past research, the evidence in support of adaptation to input statistics

has been shown in cases where comprehenders adapt to an infrequent structure in

their L1 (Fine et al., 2013; Fraundorf & Jaeger, 2016; Kamide, 2012; Yildirim, Degen,

Tanenhaus, & Jaeger, 2016). Adaptation can arguably be facilitated by probabilistic

inferences that language comprehenders had conducted over similar constructions

of their L1 across the lifespan. Little is known about how this form of adaptation

transpires in a context where participants have zero familiarity with a language or

structure. Furthermore, previous studies often probe comprehenders’ ability to adapt

to only one structure. The present work presented participants with not just one but

multiple patterns generated by two critically different tense-aspect encodings (one

English-like, the other Thai-like) within a single statistical learning task, mimicking

bilingual language exposure (Bulgarelli et al., 2018; Onnis et al., 2018). By using a

miniature language, it is possible to investigate whether participants’ propensity to

adapt to novel encodings is present when participants are exposed to statistics of an

entirely novel language.
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With that in mind, an exposure phase of the study exposed participants to a

miniature language sentences that accompanied short video clips and still images. The

process of designing the stimuli began by selecting words from a nonword database and

pairing them with meaning. As for the lexicon, there were six nouns and two verbs (see

the first three rows of Table 3.1). There were four human actors in two genders (i.e.,

man, woman, boy, and girl) and two objects (i.e., book and letter) for nouns. Two verbs

were non-stative and ended with the same sound, /n/, to control for pronunciation

of the CVC syllable when inflectional morphemes were attached to the verb stems

in the English-analogous tense-aspect encoding. The present study contained a fewer

number of verbs than Fedzechkina, Newport, and Jaeger (2017) due to the design of

TPs (see below). All words, including morphemes and “aspect markers” were generated

from the English Lexicon Project (ELP) database (Balota et al., 2007) on the basis

of two constraints: length (3-6) and bigram count (BG_sum) (± 1 SD from the

average). Varying length yielded mono- and disyllabic nonwords. It is important to

expose participants to a mix of mono- and disyllabic words for every category in the

lexicon (e.g., lin and katon for verbs) in order to (1) reduce the likelihood that two-

word aspect markers and inflected verbs were more perceptually salient than other

words, which would have been the case had the lexicon only consisted of monosyllabic

words, and (2) mimic real-world language learning scenarios that words often can

have a different number of syllables. Nouns and verbs had an equal number of mono-

and disyllabic words, and so did each gender. To make the stimuli distinct from an

American English accent, a male Australian voice (Lee) in a built-in Mac speech

synthesizer was used to create auditory stimuli from the list of lexical items.

These items were concatenated into an SOV structure. Because English and Thai

are SVO languages, this word order was a novel structure to both groups of partici-

pants. Furthermore, the SOV structure enabled tense-aspect encodings of the minia-
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Table 3.1 Miniature language lexicons

Categories Words
Noun1 harter (man), toak (woman), jark (boy), fursar (girl)
Noun2 dola (book), dass (letter)
Verb katon (read), lin (write)
Morpheme -an (completion), -et (continuation)
Aspect marker lon beng (completion), bef dit (continuation)

ture language to be placed at the edge of sentences, so as to facilitate detection of

statistical regularities (Endress & Mehler, 2009). As the most critical feature of the

language, the tense-aspect encodings were licensed by both morphemes and aspect

markers, mimicking the way in which temporal information is encoded in English and

Thai, respectively. This means that the same meaning was described by two gram-

matical forms. It is rare, if not possible, in natural languages to have one meaning

expressed by two forms in free variation (Givón, 1985). It is common, however, in the

bilingual exposure available to infants from birth in bilingual families. This present

work followed a number of previous miniature language-learning experiments in cre-

ating probabilistic forms that may deviate from an assumption of natural languages,

to test participants’ preferences (e.g., Fedzechkina et al., 2018, 2017; Wonnacott et

al., 2008). In the English-analogous encoding, verbs were paired with inflectional

morphemes -an for the completion and -et for the continuation reading. As a result,

predictable associations were established between lexical (i.e., verbs) and sub-lexical

(i.e., morphemes) units in ways that resemble morphological marking in the English

Simple Present and Simple Past. Conversely, in the Thai-analogous encoding, two

pairs of “aspect markers” followed immediately after verbs, one each for the comple-

tion (i.e., lon beng) and the continuation (i.e., bef dit) reading. Systematic associations
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were thus instantiated between lexical units, similar to how Thai expresses aspectual

information.

It is critically important to note that the tense-aspect encodings of the minia-

ture language represented only a fraction of the very complex tense-aspect systems

found in natural languages such as English and Thai. A first simplification that was

made in the present miniature language was that it only instantiated systematic

associations between adjacent linguistic elements. As discussed, when it comes to

distributional information, both adjacent and non-adjacent relations are attested in

English and Thai tense-aspect systems. The learning of adjacent versus non-adjacent

dependencies can be different. Romberg and Saffran (2013), for instance, found that

there were quantitative differences in adults’ SL abilities between adjacent and non-

adjacent dependency learning when both types of dependencies were tested in one SL

task. Although the focus on adjacent dependencies may limit generalizability of the

findings and thus affect external validity of the research, this decision was grounded

primarily in practical reasons. Participants had to be able to complete an exposure

phase and a post-exposure test within a reasonable amount of time on each of the

two days of training without feeling fatigued. Furthermore, detection of non-adjacent

dependencies would have required a larger set of lexicons (Gómez, 2002; Onnis, Mon-

aghan, Christiansen, & Chater, 2004), and incorporating non-adjacent dependencies

into the tense-aspect encodings would have resulted in the need for a greater number

of exposure sentences (as well as time commitment from the participants). A second

simplification that was made in the miniature language concerns a number of linguis-

tic elements that formed adjacent associations. In Thai, for instance, three post-verbal

aspect markers can be combined to render a completion reading (e.g., kamlaN càP sèt

[“be about to finish”]). Nonetheless, the temporal-aspectual information in the minia-

ture language was encoded by two adjacent linguistic elements in order to control for
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statistical regularities, that is TPs, between linguistic elements and across the two

English- and Thai-analogous tense-aspect encodings.

In concatenating words into SOV sentences, the goal was to make every transition

within and between Ln-analogous tense-aspect encodings equally likely. This stipu-

lation was intended to prevent participants from using structural or semantic cues

to identify tense-aspect patterns. For example, had harter dola lin [man-read-book]

appeared only in the English-analogous encoding, faster adaptation to lin-an or lin-

et among English L1 participants could have been attributed to, say, structural or

semantic cues in the input. To achieve equal probability in the current context, each

actor (N1) appeared with both objects (N2) which in turn preceded the two verbs. This

transition resulted in forward TPs from N1 to N2 and from N2 to verbs of 0.5 in each

of the Ln-analogous encodings. More concretely, harter was as likely to be followed

by dola as dass, and dola equally likely preceded lin and katon. At the most critical

juncture is the transition from verbs to morphemes or aspect markers. For instance,

lin appeared with both morphemes -an and -et in the English-analogous encoding

and with the two pairs of aspect markers, lon-beng and bef-dit in the Thai-analogous

encoding. Like the transition from N1 to verbs, TPs from verbs to morphemes and

from verbs to pairs of markers were thus fixed at 0.5. Across the two encodings, how-

ever, TPs from verbs to tense-aspect encoding devices were 0.25. Backward TPs (e.g.,

from morphemes back to verbs) were also at 0.5. The exception was the backward

TPs from N2 to N1, which was at 0.25. This unequal probability was addressed in the

presentation of sentences during the exposure phase. It is important to note, though,

that TPs from one to the other marker in each pair of markers were at 1.0. Figure 3.4

visualizes TPs between linguistic elements in the two Ln-analogous encodings. Once

all the TPs were specified and sentences formed, words were concatenated into sen-

tences with Praat (Boersma & Weenink, 2018). Following Fedzechkina et al. (2017),
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(a) English-analogous (b) Thai-analogous

Figure 3.4 Directed graph displaying TPs in the two tense-aspect encodings

a 35 ms pause was inserted between words in order to facilitate word segmentation

(see, e.g., Peña, Bonatti, Nespor, & Mehler, 2002). In the English-analogous encod-

ing, verbs and morphemes were spliced but appeared together without a pause. This

gave some cue as to whether something was a morpheme or an aspect marker in the

miniature language. In total, there were 64 unique sentences (32 per Ln-analogous

encoding, that is, 4 N1 × 2 N2 × 2 V × 2 Morpheme/Marker) with each N1 actor

generating eight sentences. In each Ln-analogous encoding, 16 out of 32 sentences

were used for training. The rest was reserved for the predictive dependency test.

In imbuing meaning into the miniature language, two considerations were taken

into account. At one level was plausibility. All four actors had to be able to perform

the two actions on the two objects. That is, a woman reading a book was as plausible

as a girl reading a book. In contrast, a girl cooking food would not have been as

plausible as a woman making food, in light of participants’ world knowledge. The

meaning thus dovetailed with TPs and allowed every combination of the lexicon to

be visually depicted while maintaining some level of plausibility across actors. At the

other, and more important, level, was the meanings of the morphemes and pairs of
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aspect markers, the tense-aspect encoding devices of the miniature language. One

and the same meaning was encoded both by a morpheme and a pair of markers:

completion and continuation of an activity. The two meanings can be rationalized as

follows.

It is clear that English and Thai express time differently, not only in the forms but

also in the temporal and aspectual semantics (e.g., Comrie, 1985; Dahl, 1985; Iwasaki

& Ingkaphirom, 2005). This means that the meaning instantiated in the miniature

language would not align perfectly with the two languages. Nonetheless, an attempt

was made to evoke an overlapping conceptual meaning that inflectional morphemes

in English and post-verbal markers in Thai share, using two strategies. First, the

morpheme -an and the pair of markers lon beng denoted completion or termination

of an activity. For example, the sentence harter dola lin-an is equivalent to “a man read

(or finished reading) a book.” Conceptually speaking, termination and completion are

entailed to a degree by an English past-tense -ed, and Thai aspect markers còp and sèt,

the two of which can indicate a past-time reference with non-stative verbs (Iwasaki

& Ingkaphirom, 2005). Furthermore, when sèt precedes lÉEw, the pair entails that

an event is terminated (Kullavanijaya & Bisang, 2007). Second, the other morpheme

-et, along with the markers bef dit, in the miniature language expressed continuation.

To illustrate, the sentence toak dola lin-et can roughly be translated as “a woman

reads (continues to read) a book.” This meaning can be found in one imperfective

marker in Thai, yùu. The marker can be used to depict a continuation of an event

over a prolonged, extended period (Iwasaki & Ingkaphirom, 2005) particularly when

it is paired with maa. The continuation marker bef dit was meant to evoke this pair

of markers in Thai. Nonetheless, it should be understood that these meanings were

selected from a wider range of meanings in the tense-aspect system of Thai and their

correspondences with English. For instance, an event time referred to by yùu does not
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have to coincide with a speech time as encoded by the present-tense -s ; it is possible

that the event is in the past. And as a verb, maa means “to come” and carries a

speaker-centric directional sense.

To create a context that would allow each sentence to be interpreted by partici-

pants as depicting either completion or continuation, video animations and still images

were created in Poser 11. A 5-second silent animation provided a context for a still

image that appeared immediately after. A miniature language sentence was presented

aurally along with the image. For instance, in an animation, a woman was depicted

as reading a notepad by slowly moving her head from left to right and fixating her

eyes on the yellow pad. This animation video was followed by one of two still images;

one showing the same woman looking up from the notepad (“toak dass katon-an”),

intended to express completion or termination of the activity, while the other showing

the woman still looking down at the notepad (“toak dass katon-et”), thus suggesting

continuation of the activity. Task instructions made explicit a sequential progression

from a video to an image (see Section 3.9). Each trial in a training module consisted

of an animation plus an image and accompanying audio file (see Figure 3.5).

3.4 Design of sentence-familiarization modules

In the present dissertation, the experiment was built with jsPsych, a JavaScript li-

brary for running psychological experiments in a web browser (de Leeuw, 2015). The

experiment consisted of two days of training, plus a third day for the language test(s)

and a language learning questionnaire. On the two days of training, there were four

sentence-familiarization modules (two per day). Each module presented participants

with 8 unique sentences (four per Ln-analogous encoding) as part of a video-image

trial. Over the course of the experiment, participants thus received training on 32
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(a) A completion trial

(b) A Continuation trial

Figure 3.5 Examples of presentation trials in a sentence-familiarization module
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unique sentences (16 per Ln-analogous encoding). Each unique sentence never ap-

peared in more than one module. Sentences were selected on the basis of statistics

and meaning, and these selection criteria applied to both the English- and the Thai-

analogous encodings in two ways. First, TPs at each transition point, in both forward

and backward directions, were 0.5. As a result, each module presented participants

with two N1 actors (one male and one female character). Both genders appeared in

the same module to mitigate any possibility that participants would have treated any

of the target elements in the miniature language as gender marking. Furthermore,

the two verbs appeared with both temporal meanings in each Ln-analogous encoding.

Second, in terms of meaning, each module consisted of all possible combinations of

N2 and verbs, such that every action was presented within each module. Additionally,

each action was attested with the English- and Thai-analogous encodings.

In each module, 8 unique sentences were presented 6 times each, for a total of 48

sentence tokens. In other words, there were 48 video-image trials per module. The

motivation for the number of repetitions came from two studies on statistical word

learning abilities of bilingual subjects (Onnis et al., 2018; Poepsel & Weiss, 2016).

Moreover, over the course of the experiment, participants received a total of 96 sen-

tence tokens per each Ln-analogous encoding (48 sentence tokens each for completion

and continuation meaning). The number of sentence tokens per meaning per encod-

ing was equivalent to that used for semi-artificial sentence training in Tagarelli et

al. (2016). A complete list of sentence types use in the four sentence-familiarization

modules can be found in the left column of Table 3.2.

The 48 trials were presented pseudo-randomly with two restrictions: that consec-

utive trials did not repeat the same sentence and that two trials sharing the same

meaning but belonging to different Ln-analogous encodings (e.g., harter dola lin-an

and harter dola lin lon-beng) did not occur in succession. By design, the two Ln-
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analogous encodings were interleaved throughout the training within the same mod-

ule. Such interleaved presentation is not dissimilar from bilingual language exposure

and has been commonly used as a method of presentation in previous SL experiments

with bilingual participants (e.g., Antovich & Graf Estes, 2018; Poepsel & Weiss, 2016;

Weiss et al., 2015). Additionally, while it is possible to train participants with one

Ln-analogous encoding at a time, Gebhart et al. (2009) demonstrated that doing so

would result in a primacy effect, by which the pattern presented first in the sequence

was learned better. That is, participants performed reliably above chance only with

the first set of patterns, but not with the second, unless a contextual cue was given.

Adopting the same stimuli as Gebhart et al. (2009), Karuza et al. (2016) later found

that participants who performed reliably above chance with the first set of patterns

had decreased connectivity between the primary auditory cortex and higher-level

cortical areas. This presumably led them to sample less from the input during the

presentation of the second pattern, which subsequently affected pattern identification.

3.5 Testing modules

The present study implemented two types of tests: predictive dependency and word

order. The former tested participants’ adaptation to tense-aspect encodings, and thus

was the focus of the study; the latter was a control test that ensured any failure

to respond correctly to the predictive dependency trials did not stem from partici-

pants’ inability to learn the SOV structure in the miniature language. Answers to the

two types of test were the primary outcome variable of the present study (see Sec-

tion 3.9). The predictive dependency test presented participants with unseen sentence

types (i.e., those that were not part of training modules). In contrast, the word or-

der test, which assessed participants’ basic constructional knowledge, reused sentence
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Table 3.2 Sentences in familiarization modules and predictive dependency test

Training: Day 1 Module 1 (1.1) Predictive Dependency Test 1.1
Sentence Types Sentence Types
harter dola katon-an jark dola lin-et
harter dola katon lon-beng jark dola lin bef-dit
harter dass lin-et harter dass lin-an
harter dass lin bef-dit harter dass lin lon-beng
toak dola lin-an fursar dass katon-et
toak dola lin lon-beng fursar dass katon bef-dit
toak dass katon-et toak dola katon-an
toak dass katon bef-dit toak dola katon lon-beng

Training 1.2 Predictive Dependency Test 1.2
Sentence Types Sentence Types
jark dass katon-et fursar dola lin-an
jark dass katon bef-dit fursar dola lin lon-beng
jark dola lin-an toak dass lin-et
jark dola lin lon-beng toak dass lin bef-dit
fursar dass lin-et jark dass katon-an
fursar dass lin bef-dit jark dass katon lon-beng
fursar dola katon-an harter dola katon-et
fursar dola katon lon-beng harter dola katon bef-dit

Training 2.1 Predictive Dependency Test 2.1
Sentence Types Sentence Types
jark dass lin-an toak dass lin-an
jark dass lin lon-beng toak dass lin lon-beng
jark dola katon-et fursar dola lin-et
jark dola katon bef-dit fursar dola lin bef-dit
toak dola lin-et harter dass katon-et
toak dola lin bef-dit harter dass katon bef-dit
toak dass katon-an jark dola katon-an
toak dass katon lon-beng jark dola katon lon-beng

Training 2.2 Predictive Dependency Test 2.2
Sentence Types Sentence Types
harter dola lin-et fursar dass katon-an
harter dola lin bef-dit fursar dass katon lon-beng
harter dass katon-an toak dola katon-et
harter dass katon lon-beng toak dola katon bef-dit
fursar dola katon-et jark dass lin-et
fursar dola katon bef-dit jark dass lin bef-dit
fursar dass lin-an harter dola lin-an
fursar dass lin lon-beng harter dola lin lon-beng
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types from the exposure. It should be mentioned that the two types of test —i.e.,

the predictive dependency test presented below in Section 3.5.1 and the word order

test presented below in Section 3.5.2— interleaved in each testing module. Sixteen

test items were grouped into eight pairs, with a predictive dependency test item al-

ways preceding a word order test item. In each testing module, the eight pairs were

randomly presented. By alternating the two test types, the goal was to sustain par-

ticipants’ attention throughout the test. Over the two-day training, there were four

testing modules, one each after a sentence-familiarization module. The development

of each test type is discussed in more detail below.

3.5.1 Predictive dependency test

This test was in the form of a picture-matching task with two alternative forced-

choice options. In each test module, 8 sentences (four per Ln-analogous encoding) were

presented. Like the training sentences, both English- and Thai-analogous encodings

were attested for each action. However, unlike the training sentences, test sentences

contained all four N1 actors (see the right-hand column of Table 3.2 for a complete list

of sentence types). This ensured that each test sentence was never repeated. Having

this desideratum simplified an assumption of statistical analysis as each trial was said

to be independent and identically distributed random variables.

After sentence types were selected for testing, predictive dependency test trials

were constructed. Each trial began with the word “spacebar” to direct participants’

attention. A test sequence was initiated when participants pressed the said key. Im-

mediately after a 1-second fixation point, two still images appeared side by side. A

left-right order of the images was randomly assigned. In each test trial, the two im-

ages differed only in terms of meaning, contrasting a completion or a continuation

reading. The other elements (e.g., N1 actor and N2 object) were the same across the
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two images. As soon as the images appeared, an audio file of a sentence type was

played. For instance, a test trial harter dola katon bef-dit was accompanied by two

pictures: (1) a man looking down at an open book or (2) a man holding a book in his

hand and looking up. The picture-matching task thus assessed whether participants

were able to match target tense-aspect encoding of the miniature language with the

corresponding meaning. Participants responded by selecting an appropriate image.

3.5.2 Word order construction test

It is possible that failure to respond correctly to test trials assessing tense-aspect

encoding in one or both of the Ln-analogous encodings may stem from participants’

inability to learn the SOV structure in the miniature language, which differed from

participants’ known language(s). To rule out this possibility, participants were addi-

tionally tested on their knowledge of the SOV construction. While there are several

ways to probe participants’ constructional knowledge, such as testing general knowl-

edge of constructional meaning (see, e.g., Wonnacott, Boyd, Thomson, & Goldberg,

2012), here I focused on a fixed word order (i.e., N1N2V) that was shared across the

two Ln-analogous encodings. Establishing that participants mastered the word order,

at the very least, is important for one main reason. A strong performance on this

type of test across both groups of participants but a variable performance on the

predictive dependency test would offer evidence that different degrees of adaptation

were attributable to the tense-aspect encodings, not to the common linguistic ele-

ments that both Ln-analogous encodings shared. The word order test thus served as

a control or “catch” trial; participants whose overall performance on the word order

test was below 65% accuracy were considered not having sufficient knowledge of the

miniature language.
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Word-order test trials were constructed from training sentences seen in each re-

spective sentence-familiarization module. This decision ensured that sentences re-

served for the predictive dependency test were not used repeatedly during testing.

Repeated use of test items may conflate participants’ SL scores, and their test perfor-

mance may be masked by a test-retest pattern (Siegelman et al., 2017). Additionally,

repeating test items multiple times would have complicated statistical analyses as

test trials would not have been independent. The eight unique SOV sentences from

each respective sentence-familiarization module were contrasted with an OSV (e.g.,

harter dola katon-an vs. dola harter katon-an) or SVO (e.g., harter dola katon-an vs.

harter katon dola-an) order. Note that the morphemes as well as markers stayed in

their respective slot.

Word order test trials were constructed in ways that were slightly different from

the predictive dependency trials, in order to vary the level of test difficulty and create

diversity. Each trial began with the word “spacebar.” After pressing the key, partici-

pants were presented with a still image that depicted a target meaning in the center

of the screen. Immediately after, two test sentences were presented aurally (see Ta-

ble 3.3 for test sentences). The order of the presentation was random. Participants

were then prompted to select a correct sentence that come from the language by

clicking an appropriate number (1 or 2). Thus, while the predictive dependency test

asked participants to select one of two pictures based on meaning, the word order

test in essence called for a grammaticality judgement of different word orders which

carried no differences in meaning.
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Table 3.3 Word order test sentences. The left-hand column comes from Table 3.2

Training 1.1 Word Order Test 1.1
Sentence Types Sentence Types
harter dola katon-an dola harter katon-an
harter dola katon lon-beng harter katon dola lon-beng
harter dass lin-et harter lin dass-et
harter dass lin bef-dit dass harter lin bef-dit
toak dola lin-an toak lin dola-an
toak dola lin lon-beng dola toak lin lon-beng
toak dass katon-et dass toak katon-et
toak dass katon bef-dit toak katon dass bef-dit

Training 1.2 Word Order Test 1.2
Sentence Types Sentence Types
jark dass katon-et jark katon dass-et
jark dass katon bef-dit dass jark katon bef-dit
jark dola lin-an jark lin dola-an
jark dola lin lon-beng jark lin dola lon-beng
fursar dass lin-et dass fursar lin-et
fursar dass lin bef-dit fursar lin dass bef-dit
fursar dola katon-an dola fursar katon-an
fursar dola katon lon-beng dola fursar katon lon-beng

Training 2.1 Word Order Test 2.1
Sentence Types Sentence Types
jark dass lin-an jark lin dass-an
jark dass lin lon-beng dass jark lin lon-beng
jark dola katon-et dola jark katon-et
jark dola katon bef-dit jark katon dola bef-dit
toak dola lin-et toak lin dola-et
toak dola lin bef-dit dola toak lin bef-dit
toak dass katon-an dass toak katon-an
toak dass katon lon-beng toak katon dass lon-beng

Training 2.2 Word Order Test 2.2
Sentence Types Sentence Types
harter dola lin-et harter lin dola-et
harter dola lin bef-dit dola harter lin bef-dit
harter dass katon-an dass harter katon-an
harter dass katon lon-beng harter katon dass lon-beng
fursar dola katon-et dola fursar katon-et
fursar dola katon bef-dit fursar katon dola bef-dit
fursar dass lin-an fursar lin dass-an
fursar dass lin lon-beng dass fursar lin lon-beng
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3.6 English tense-aspect cloze test

All participants completed an English tense-aspect cloze test, which was developed,

pilot-tested, and used in the present dissertation so as to assess participants’ sensi-

tivity to systematic associations underlying the English tense-aspect system (shown

in Appendix C.1). A cloze format has been used widely in research investigating the

Aspect Hypothesis to elicit tense-aspect marking (e.g., Ayoun & Salaberry, 2008;

Collins, 2002); however, several of the available tests probe only one or two tenses,

the choice of which depends on which claim in the Aspect Hypothesis is tested. In

contrast, the English tense-aspect cloze in the present study targeted Simple Present,

Simple Past, Perfect, Progressive, and Future in one test. In other words, test items

captured major English tense-aspect encodings. As opposed to a multiple-choice an-

swer, a cloze format was favored to ensure that responses reflect productive knowledge

of tense-aspect morphology as well as to minimize random guessing that may arise in

a multiple-choice format. Table 3.4 shows the complete list of verbs that were tested.

To construct the cloze, I adopted the following procedures. First, I selected verbs

that were shown to be strongly associated with particular tense-aspect morphology

from the items reported in Wulff et al. (2009). Because the English-analogous encoding

in the miniature language resembled regular tense-aspect inflectional morphemes,

irregular forms (e.g., go-went-gone) reported in the distinctive collexeme analysis by

Wulff et al. (2009) were excluded. The rationale for selecting highly distinctive verb-

morphology pairings was to ensure, to an extent possible, that learners’ difficulty

in producing appropriate English tense-aspect morphology was not confounded by

low frequency of co-occurrences. A caveat that must be noted is that the multiple

distinctive collexeme analysis reported in Wulff et al. (2009) was carried out with data

sets from a spoken section of the British National Corpus (BNC) and Michigan Corpus
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of Academic Spoken English (MICASE), both of which are large-scale corpora of

English in a target language environment. Thus, the findings could shed some light on

the characteristics of input L2 users experience in an English-speaking environment.

This pattern of associations may not be entirely reflective of what adults studying

English in Thailand hear in their input.

After selecting the verbs, because Wulff et al. (2009) did not report distinctive

collexemes of the English future, I conducted a search on COCA (Davis, 2008-) and

retrieved the most frequent verbs that appeared in the future frame (i.e., will +

VERB). Additionally, because the perfect category in Wulff et al. (2009) contained

several irregular verbs, I supplemented the list with verbs from COCA. Note that these

additional verbs in future and perfect categories were retrieved using raw frequency

counts.

After a list of verbs was compiled in the way just described, several short passages

were written to elicit target verb-morpheme pairings; three of them were modified

from Azar (2002). In addition to distinctive pairings, scenarios were constructed to

test participants’ fine-grained knowledge of English tense-aspect system with less

prototypical uses of verbs (e.g., become with a progressive marker as in I am becoming

more and more annoyed with Pam). In so doing, additional verbs were needed (see

Table 3.4 for a complete list of items).

With the verbs and scenarios in place, a draft of the test was piloted with three

English native speakers; items that failed to elicit 100% agreement among the three

test takers were removed, and scenarios were re-written. A revised version containing

11 short passages was edited by one of the test takers and subsequently administered

to 15 additional English native speakers, all of whom were linguistics graduate stu-

dents in the United States. It was found in the second round of piloting that several

items elicited more than one plausible answer, perhaps due to regional and/or di-
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alectal differences among English L1 test takers. This difference was particularly true

of items testing less prototypical usage. The five items of this category elicited low

agreement among the test takers, with the most common answer accounting for only

about 64% (range = 40− 93%). This variability discovered in a pattern of responses

among English L1 test-takers meant that not all items could be used to assess sen-

sitivity to systematic associations underlying the English tense-aspect system, and

that some items needed to be excluded from scoring.

To identify a set of target items from a total of 54 test items that would be scored

to indicate participants’ English tense-aspect knowledge, I carried out the following

steps. First, I selected items that all 15 respondents supplied the exact same answer

(n = 31) and excluded prompts that elicited irregular verbs. This description filtered

29 items. Next, from these 29 possible items, I kept the ones that tested the English

Simple Past or Present, the two tenses that exhibit adjacent predictive dependencies

between verbs and inflectional morphemes. The English-analogous tense-aspect en-

coding of the miniature language was made to mimic these two English tenses. There

were 15 of those items out of 29. The other 14 items probed English tense-aspect

forms that were not incorporated into the design of the miniature language: English

perfect (6), progressive (5), and future (3). Thus, these items were not scored in the

present study. Last, from the 15 items, I filtered out the ones that were not reported

in Wulff et al. (2009) as strong collexemes of English Simple Past or Present. The

final list included in the scoring of English tense-aspect morphology knowledge com-

prised of the following verb items: started, asked, exploded, died, crashed, panicked,

and disappeared for the Simple Past and need, sounds, seems, mean, and guess for

the Simple Present.

To inspect test reliability, in April 2018 the English tense-aspect cloze was admin-

istered to 72 Thai college students (M age = 19.14, SD = 0.62, range = 18 − 21) in
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Table 3.4 List of verbs tested in the English tense-aspect cloze

Tense-Aspect Sources
category Wulff et al. (2009) COCA Others

Past start, exploded, die,
crash, panic, disap-
pear

ask, be, kill, break,
go, come, tell, begin

Present need, sound, seem,
hope, mean, guess

be (×2), respond,
tend, intend, say1

Progressive go, work2, look2,
wait, come2, move2

read, send, become1,
hope1, get1

Perfect finish2, call2, locate2,
consider2,

change2, learn2 become, send,
arrive1, message

Future keep, find, take,
make, see, continue,
know

1 Items appearing in a less prototypical context
2 Items in a final set that probed the testing of non-adjacent dependencies

two intact classes at a university in Bangkok, Thailand. This university was different

from a chosen research site. Test-takers were self-reported Thai native speakers. In

addition to English, they reported knowing and/or studying the following Ln: Chinese

(40), Japanese (13), Korean (3), Arabic (2), and Bahasa Malaysian, French, German,

Laos, and Russian (1 each). On average, test-takers rated their Thai proficiency on

a scale from 1 (i.e., extremely limited) to 7 (i.e., native-like) as good (M = 5.21, SD

= 0.94) and English proficiency as limited (M = 3.28, SD = 0.84). Test-takers com-

pleted the cloze test on Qualtrics. They saw 11 passages of the cloze test, containing

54 items, in a random order and spent an average of 30.85 minutes (SD = 8.92) com-

pleting the test. Each answer was given a score of one when a correct morphological
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form was provided and zero otherwise. Misspelling of a verb stem when suffixed (e.g.,

*moveing) was tolerated.

It is important to note that in the present dissertation validation of the cloze

test was restricted to the two main sets of test items tapping into adjacent (English

Simple Past and Present) and non-adjacent dependencies (Progressive and Perfect)

respectively. This comprised 22 test items from a total of 54 appearing in the cloze

passages. When average percentage accuracy was inspected, Thai L1 test-takers were

much more accurate with adjacent dependency items (M = 46%, SD = 20%) than

with non-adjacent dependency ones (M = 16%, SD = 17%). Zooming in on the ad-

jacent dependency set, proportion of correct responses fell below the 50% for most of

the items (see Figure 3.6). The exceptions were need, crashed, mean, and guess. These

items were scored at above the 50% accuracy level, with three being a present-tense

form for a first-person singular pronoun subject. The least accurate item was a third-

person singular form seems, with an average of 19% accuracy. Kuder-Richardson 20

(KR-20) was calculated as a measure of test reliability because it is appropriate for

dichotomous choices (e.g., correct-incorrect answer) and is less likely to underesti-

mate reliability of a cloze test when compared to KR-21. Reliability of the adjacent

dependency set was acceptable (r = 0.63). Despite having a lower accuracy score,

non-adjacent dependency set had slightly higher reliability (r = 0.68) and also within

an acceptable range. While additional work is needed to improve test reliability, this

version of the cloze test was used in the main part of data collection.

3.7 English language proficiency test

Another assessment instrument concerns English L2 proficiency of Thai L1 partic-

ipants. To this end, the grammar and vocabulary subsections of the Certificate of
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Figure 3.6 Proportion of correct responses by target test items. Error bars repre-
sent a standard error of the mean. A dashed red line marks a 50% chance.

Competency in English (ECCE) (Cambridge Michigan Language Assessment, 2012)

were administered to the Thai L1 group only. In its full version, the ECCE test

consists of four different components that evaluate speaking, writing, listening, and

reading skills. It is aimed at demonstrating a high-intermediate level of English as a

foreign language (i.e., a B2 level on the Common European Framework of Reference,

which is equivalent to an Advanced Mid level on the ACTFL Guidelines; see this site

for more information).

As already stated in the above paragraph, Thai L1 participants completed the

grammar and vocabulary subsections (see Appendix C.2). There were 70 multiple-
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Table 3.5 Topics covered in the two subsections of the ECCE test

Grammar Vocabulary
Topics Items Topics Items

Adjectival phrase 3 Adjective 6
Adverbial clause 3 Adverb 3
Conjunction 2 Noun 11
Determiner 4 Preposition 1
Embedded clause 4 Verb 14
Modal 2
Noun 3
Prepositional phrase 4
Question tag 1
Relative clause 2
Tense 2
Verb phrase 5

choice questions (35 items for each subsection). Test items covered a number of gram-

mar and vocabulary points, a summary of which is shown in Table 3.5. Participants

completed the two subtests in a fixed order, with the grammar test preceding the

vocabulary test. However, for each subtest, questions were presented in a random

order; participants proceeded from one question to the next by selecting the best an-

swer out of four options and clicking a continue button. When participants completed

both subsections, they learned of their overall as well as subtest scores. A JavaScript

code was written under the jsPsych environment to sum the ECCE scores and append

them to each subject’s data.

It is important to note that only two subtests of the full ECCE test were used so as

to simplify the logistics of test administration and scoring. Despite this simplification,

the collection of grammar and vocabulary scores reflected a deliberate effort at gaug-

ing the variability in L2 proficiency in the Thai L1 sample. The effect of bilingualism
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on SL performance is inconclusive, partly due to bilinguals’ heterogeneous language

profile (Bulgarelli et al., 2018). Functional bilinguals such as the Thai L1-English

L2 participants in the present study can vary in their late-learned language profi-

ciency and dominance (e.g., Luk & Bialystok, 2013; Schmid & Yılmaz, 2018). With

this in mind, the performance on the ECCE subtests obtained in the present study

represented a more objective assessment of English proficiency than the self report

of proficiency contained in the language learning questionnaire and commonly used

in SL research with bilingual participants. In terms of methodological contributions,

participants were grouped to represent different linguistic profiles based on the ECCE

test scores, and different prior distributions could be specified for individuals in each

profile. Furthermore, instead of using available test scores from an English college

admission test administered nationally by the National Institute of Educational Test-

ing Service (NIETS), the decision to administer the ECCE subtests as part of the

experiment ensured that participants had roughly the same experience with the test,

thereby increasing internal validity in the results obtained and informing statistical

analyses. Internal validity of the test also played an important role in the decision not

to use institutionally available proficiency test scores given that the NIETS English

college admission test was not deemed sufficiently trustworthy. Like many other tests

offered by NIETS, the English admission test suffers from poor test design and flawed

assessment procedures (OECD/UNESCO, 2016).

3.8 Language learning questionnaire

The questionnaire, which was modified from the Language History Questionnaire

(LHQ) 2.0 (Li, Zhang, et al., 2014), queried English L1 and Thai L1 participants

about their language-learning history along with demographic information. While
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there are a number of paper-based instruments that assess bilingual profiles and/or

language dominance (e.g., Luk & Bialystok, 2013; Marian, Blumenfeld, & Kaushan-

skaya, 2007), the LHQ contains questions that are more applicable to foreign language

learners such as the Thai L1 participants who have studied English as a foreign lan-

guage in Thailand. The modified language learning questionnaire gathered informa-

tion about demographic information (e.g., age and gender) and self-reported language

assessment, namely language/dialect exposure, proficiency, and use. Questions on lan-

guage mixing and dominance in the original LHQ 2.0 were dropped, since they are of

less relevance for late bilinguals who learn a language in foreign language contexts,

as was the case of all Thai L1 participants and of those participants in the English

L1 group who reported limited knowledge or study of languages other than English.

The following steps were taken to adapt the LHQ 2.0 for use in the present dis-

sertation. First, whereas the original LHQ does not directly ask about respondents’

native language(s), the language learning questionnaire does so explicitly. This strat-

egy was informed by Brown and Gullberg (2012) who called for measuring degree of

monolingualism and bilingualism on a continuum that can be empirically gauged by

questions about proficiency and amount of use for all the languages known, however

fully or partially, by participants. English L1 participants were thus instructed to

self-assess and report daily use of their native language separately from their next

best language, if they reported knowing one. Conversely, Thai L1 participants were

asked to rate their Thai and then English proficiency. If any of these participants

stated that they knew another Ln, additional questions pertaining to that language

appeared. During questionnaire piloting, it was found that respondents were confused

as to which language they were asked to rate. Clearly separating one language from

another was meant to address this issue. Next, on daily use, an original list of activ-

ities on the original LHQ 2.0 was amended. That is, two new activities (i.e., texting
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and social media use as well as online gaming) were added, whereas one activity in

the original list (i.e., writing emails to friends) was dropped in order to better reflect

real-world language use of the two target college populations. Third, on language ex-

posure, instead of an open-ended option, a list languages and dialects was provided.

The list for English L1 subjects came from The American Community Survey (ACS)

2009−2013 data available on the US Census website, while that for Thai participants

consisted of major regional dialects of Thai, other Southeast Asian languages, and

most-commonly studied foreign languages in Thailand (e.g., English and Chinese).

3.9 Data collection procedures

The experiment employed a within-subject, exposure-test design commonly used in

studies investigating language users’ adaptation to less frequent or novel linguistic

structures (Fraundorf & Jaeger, 2016; Jaeger & Snider, 2013). This exposure-test

research paradigm can also be found in miniature language studies investigating ty-

pological universals (e.g., Fedzechkina et al., 2016, 2017). All data were collected from

participants individually in both research sites. The sections below provide detailed

information regarding training and testing procedures for each day of the experiment.

All participants completed the task in the order discussed.

3.9.1 First and second day

On the first day, the experiment began with some background to the study. Par-

ticipants were informed about the general purpose and the overall structure of the

experiment. After signing the consent form, participants were told that they would

be studying a newly-discovered language by watching short videos and listening to
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sentences from the language. The following information was given in the main in-

structions:

Over the next few days, you will get to study a newly discovered language! The language

you’re about to learn was recently discovered by a team of researchers in Sweden and is

spoken by only about 300 people. Research is ongoing, and scientists need your help in

understanding this language in order to preserve it. Don’t worry about learning a whole

language; because this is an introduction to the language, you will learn only a small set of

vocabulary and simple sentences.

For this experiment, you will learn sentences that describe simple actions. These actions are

in two stages, and the sentence you hear describes the second stage of the action. There can

be several ways to describe an action in this language. So, pay attention!

You will get to learn some words in the language before moving on to sentences. This

language may be challenging, but with effort and time, it is certainly not impossible to

learn! Make sure to try your best.

The context for the experiment was modified from a recent discovery of Jedek,

an Aslian language spoken by indigenous speakers in Malaysia (Yager & Burenhult,

2017). Critical information (e.g., a discovery site, researchers’ institutions, etc.) were

withheld to prevent participants from searching online for an answer. Participants

were not told to focus on a particular language structure. Nor were they informed

about a language test. However, participants were told that it is important for them to

try their best to understand the language. Therefore, the overall learning situation was

set up as intentional learning, with incidental learning of the tense-aspect encodings

(e.g., Hamrick, 2015). A shortened version of the main instruction was repeated again

at the beginning of the second day. When participants finished the last day of the

experiment, they were informed of the actual purpose of the experiment.
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It must be noted that specifically for Thai L1 participants, the main instructions

along with other sets of instructions were given in both languages, with the English

version appearing before the Thai translation. This was done with two aims in mind.

First, the presentation of the two languages was an attempt to put Thai L1 subjects

in a bilingual language mode (Grosjean, 2008), reflecting the fact that they were late

functional bilinguals learning an L3. On the contrary, the English L1 participants,

who can be considered functional monolinguals, were considered to be engaged in

learning an L2. Second, the Thai translation helped to ensure that participants were

able to fully understand the instructions and clarify any confusion they might have

had in the English version.

After the main instructions, participants were acclimated with synthesized sen-

tences. These additional sentences were created using the same synthesized voice as

the training sentences. Participants were told at this point they could not take note

during the experiment; they simply had to pay attention to the materials. Participants

then proceeded to the exposure phase, which consisted of (1) noun-familiarization

module, (2) noun-comprehension check, and (3) sentence-familiarization module. Af-

ter participants completed the sentence-familiarization module, they were presented

with a testing module. Each testing module interleaved predictive dependency test

trials with word-order test trials, as discussed in Section 3.5. Participants followed

the following order to complete each day of training.

noun-familiarization module

Participants watched pictures of characters and objects and heard corresponding

miniature language labels (e.g., a picture of a man and the word “harter”). Each trial

lasted a total of seven seconds and began with a picture in the center of the screen.

An audio clip was played after one second. See Figure 3.7a for an example of a trial

131



(a) Example of a noun-training trial (b) Example of a noun-testing trial

Figure 3.7 Vocabulary-related phase of the experiment

but note that in the actual experiment, words were never visually presented. The

picture remained on the screen until the trial was terminated. Progression through

the trials was automatic; as soon as one trial ended, the next one began.

The Noun-familiarization module appeared twice a day. In the first one on each

day, the six nouns were presented twice, for a total of 12 trials. The order of the

presentation was random. In the second session, however, each noun was presented

only once, in a random order.

Noun-comprehension check

There was one noun-comprehension check per day; it appeared immediately after

the first noun-familiarization module of each day. For each trial, participants heard

a miniature-language word and saw three forced-choice options. They selected an

answer by clicking on the picture. Trials as well as the three options in each trial were

randomly presented. However, the three options were always fixed (see Table 3.6 for
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Table 3.6 Noun comprehension test items

Target items Multiple-choice options1

harter (1) harter (2) jark (3) dola
toak (1) toak (2) dass (3) fursar
jark (1) jark (2) harter (3) fursar
fursar (1) fursar (2) toak (3) jark
dola (1) dola (2) toak (3) dass
dass (1) dass (2) dola (3) harter

1 Each noun appeared three times in the test,
twice as a distractor item.

a list of test items and Figure 3.7b for an example of a test trial). Participants were

tested until they achieved 100% accuracy on all six nouns. Feedback was provided in

the form of a thumbs-up for correct answers or a thumbs-down for incorrect ones. A

JavaScript code was written to record the number of repetitions each participant took

to reach the perfect accuracy level, which indicated participants’ lexical learning.

Participants completed the noun-comprehension check once again on the second

day to ensure that participants had repeated exposure to miniature-language vocab-

ulary and that lexical learning was maintained through both exposure and testing.

Sentence-familiarization module

There were two sentence-familiarization modules for each day of training. Before the

first module of the day started, participants saw the following instructions:
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You will learn sentences that describe simple actions. These actions are in two stages,

and the sentence you hear describes the second stage of the action. There can be

several ways to describe an action. In this first lesson, you initiate each item in the

materials by pressing SPACEBAR.

The instructions served as a contextual cue, informing participants —albeit in

a more implicit way— that one meaning was to be paired with multiple forms. In

previous studies, contextual cues come in different forms (e.g., a change in talker-

specific voice or a pause between two artificial languages). It has been shown that a

shift in pitch, which resembled a change in talkers, along with a pause allows adults

to differentiate two mini-languages and successfully segment both (Gebhart et al.,

2009). Without such cues, participants would only perform well on one (usually the

first) language but not the other. The beneficial effect of changes in talkers can also

be observed in syntactic adaptation (Kamide, 2012).

Instead of a change in talkers, the present study favored the use of instructions

because of the two primary reasons. First, pairing one grammar with one voice (e.g.,

the Thai-analogous encoding with a male voice) could have unintentionally added

a nuisance variable to the design. That is, were we to observe qualitatively differ-

ent patterns of adaptation between the two groups of participants, the effects could

have very well been explained by talker-specific adaptation. Second, how instructions

are framed has been shown to be effective at changing adults’ expectations of the

task. For example, Perfors (2016) argues that adults come to an experiment with a

predisposition to treat the input as representing one grammar and/or language. By

making explicit in the instructions that the input would violate this assumption, Per-

fors demonstrated that adults became significantly less inclined to probability-match

the input and regularize a more frequent form in ways similar to what children do,

as reported in Hudson Kam and Newport (2005).

134



As shown in the above instructions, participants initiated each trial by pressing a

spacebar. This was the only different element of the first sentence exposure module

from the other three modules. In subsequent modules, the progression of the trials

was automatic; participants did not have to press any key to advance through the

lessons. With a key press in the first module, participants were given time to process

the input at their own pace. I opted for a pause between trials instead of a replay of

each trial —an option which was used, for instance, in Fedzechkina et al. (2017)—

in order to ensure that every participant was exposed to exactly the same number

of repetitions and trials. Also, this design choice could potentially control for any

extraneous factors that might have arisen due to different language-learning styles of

participants from the two cultural backgrounds in the two research sites.

Testing module

Immediately after each of the four sentence-familiarization modules, participants com-

pleted a testing module. The structure of the test was such that the two types of test

(i.e., predictive dependency and word order tests) interleaved. Sixteen test sentences

were grouped into eight pairs, with a predictive dependency test trial always pre-

ceding a word order test trial. In the test, the eight pairs were randomly presented.

Participants were informed of the nature of the test in the instructions.

After a 5-minute break, participants completed the second noun-familiarization

module to help them maintain lexical learning. Then, they completed a second

sentence-familiarization module and a second testing module. Before they left the

lab, participants were reminded of their next appointment.
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3.9.2 Third day

On the third day of the experiment, all participants completed the English tense-

aspect cloze test and the language learning questionnaire before being debriefed at

the end of the experiment. The Thai L1 participants additionally completed the ECCE

immediately after the cloze test.

At the every end of the final day of the experiment, participants answered de-

briefing questions. Of particular interest is a translation task in which participants

heard a subset of stimuli presented in the sentence-familiarization modules. For each

trial, they were prompted to translate miniature language words or sentences into

their native language. The translation, particularly that of sentences, helped gauge

participants’ understanding of the intended meaning of the stimuli. As will be shown

in Chapter 5, analyses were conducted with and without participants who failed to

provide correct translation of the stimuli.

In vocabulary trials, after a 500-ms fixation, an audio file was played. When it

ended, a sentence: “what do you think this word means in English/Thai?”, along

with a text box appeared. Participants responded by typing in an answer in the

box. Sentence trials, conversely, were presented in the same manner as those in the

sentence-familiarization modules with one exception: Participants were prompted to

translate the miniature language sentence into their L1 equivalent. There were 16

trials (8 each for vocabulary sentence). During debriefing, participants completed vo-

cabulary before sentence trials, and in each part, questions were randomly presented.

See Table 3.7 for words and sentences that appeared in the debriefing.
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Table 3.7 Words and sentences tested in the debriefing

Vocabulary Sentences
English Thai Neutral English Thai
lin-an lin bef-dit fursur harter dola katon-et toak dass katon bef-dit
katon-et katon lon-beng harter fursar dass lin-et jark dola lin bef-dit

lin fursar dass lin-an jark dola lin lon-beng
katon harter dola katon-an toak dass katon lon-beng

3.10 Coding

In this dissertation, the primary outcome variable was participants’ responses to the

predictive dependency test, primarily, and to the word order construction test, sec-

ondarily. Responses were coded as TRUE or FALSE.1 This variable appears under the

CorrectAns column in the dataset, which is available from the OSF site of the project.

Additionally, each trial was accompanied by the following item-level information: (1)

TestType indicating if a test question belonged to a predictive dependency or word-

order test; (2) TestLang indicating if a test question probed English-analogous (EN) or

Thai-analogous (TH) encoding; (3) Construction indicating a test sentence as listed

in Table 3.2; (4) SentTest_mean indicating a meaning (or a word-order contrast) of a

test sentence; and (5) Day indicating a testing module (e.g., the first test on day 1

was labeled 1.1, while the second test was coded as 1.2, and so on).

In addition to item-level information on the predictive dependency test and the

word order construction test, participant-level information was recorded as part of

the experiment. Each of the variables is discussed in separate paragraphs below.
1When a text appears in this font, it refers to an element in the dataset or to an R code.
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First, English proficiency (EngProf) represented subjects’ overall English profi-

ciency score, which came from the two subsections of the ECCE test. For each Thai

L1 participant, the scores from the two sections were summed to obtain overall raw

scores (see Figure 3.2). The English L1 participants did not complete the test but

received a hypothetical maximum raw score on the test (70 points). It is important to

note that native speakers exhibit substantial variation in several aspects of their own

native language as a result of educational attainment, for instance (Andringa, 2014;

Dabrowska, 2019). However, the ECCE measures English proficiency at an interme-

diate level, and —given the college-level education the English L1 participants were

pursuing— it is extremely likely that they would have exhibited a command of En-

glish beyond the level assessed in the ECCE. To facilitate interpretation in statistical

analysis, raw scores from all participants (both English L1 and Thai L1) were cen-

tered and divided by 2 standard deviations (that is, xi−x̄
2×sd) (see Gelman & Hill, 2007),

which yielded a scaled English proficiency score or EngProfScale in the dataframe.

The scaled version was subsequently used for statistical analyses. This continuous

variable was additionally converted to a nominal variable, EngProfBin, with three cat-

egories: English native, above-median (representing Thai L1 participants with higher

English or higher-proficiency Thai L1 group), and below-median (representing Thai

L1 participants with lower English or lower-proficiency Thai L1 group). The Thai

L1 participants were divided into the above-median and below-median groups using

a median cutoff value of Thai L1 participants’ scaled English proficiency score. The

EngProfBin variable enabled prior distributions on English proficiency to be placed

specifically for individuals in each group for Research Questions two and three.

Second, English tense-aspect morphology knowledge (Cloze) indicated partici-

pants’ sensitivity to adjacent dependencies, one of the two types of dependencies

instantiated in the English tense-aspect system. Each participant’s tense-aspect mor-
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phology knowledge was obtained from the English tense-aspect cloze test (see Sec-

tion 3.6 for the development and selection of target items). There were twelve target

items. Raw scores were centered and standardized using the same formula as the

scaled English proficiency, and the column ClozeScale represents the scaled cloze

scores. All participants— including the English L1 subjects— completed the cloze

test.

Third, participants reported whether they knew another language besides English

(for English L1 participants) or besides Thai and English (for Thai L1 participants).

This information was converted into a binary choice, YES or NO, in a variable named

Ln. The next best language after English (or Thai and English) was also recorded.

As outlined in Section 3.9.2, on the third day of the experiment, participants com-

pleted eight trials of sentence translation task during debriefing. The translation task

thus provided a means with which participants’ understanding of the two intended

meanings could be gauged. A coding scheme was developed to evaluate a transla-

tion (see Appendix D), whereby a score of 0, 1, or 2 was given to each translation

to indicate a level of (non)understanding. Two raters per L1 group (the researcher

plus a native English-speaking assistant or a native Thai-speaking assistant) coded

the translation independently. Linearly weighted Cohen’s κ was calculated separately

for each L1 group. Linear weighting was used as the difference between a one-point

difference from 0 to 1 and that from 1 to 2 was the same. κ was equal to 0.86 in the

English L1 group, which indicated strong agreement between the two raters. As for

the Thai L1 group, κ was 0.69. This value suggested substantial agreement. Consen-

sus was reached on the items that had been scored differently by the two raters. The

score appeared under the column DefMeaning in the dataframe.

This chapter began with participants’ characteristics. The majority of the chapter

discussed the miniature language-learning experiment, outlining steps taken in the de-
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velopment of the miniature language and its associated tests. Furthermore, additional

information on English language tests and language learning questionnaire was pro-

vided. The chapter concluded with information about coding. With this information

in place, I now turn to a data analysis plan in Chapter 4.
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Chapter 4

Data Analysis Plan

This chapter presents an in-depth data analysis plan within the framework of Bayesian

statistics for the two outcome variables elicited in the experiment: the word order

test and the predictive dependency test. For each test, I discuss model specification,

relating the outcome variable to the predictors. Furthermore, I lay out steps taken

to obtain prior distributions for model components. Before launching into specific

models for the word order test and predictive dependency test, I begin this chapter

by discussing the structure of the data in order to motivate the need for a Bayesian

multilevel regression model.

4.1 Introduction

The present study utilizes Bayesian multilevel regression to answer the research ques-

tions pertaining to the primary outcome variables, adaptation to systematic associ-

ations underpinning novel tense-aspect encodings and (as a prerequisite control) to

word order of the miniature language. Gelman et al. (2014) outline three steps of

Bayesian data analysis. First, researchers specify a full probability model for every

element in a statistical model, namely a likelihood and a prior. Second, after the full

probability model is specified, inference is conducted, and the posterior distribution

is summarized. The final step consists of interpreting the posterior distribution and

evaluating the fit of the model. While both Bayesian and frequentist methods can
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be used for point-value hypothesis testing (see, e.g., Kruschke & Liddell, 2018b), the

focus of the present work was on parameter estimation. In this regard, the final step

involves providing information about the uncertainty of the estimate, for instance, by

interpreting and/or visualizing the 95% credible interval (CrI).

In the majority of the models reported below, a Bayesian multilevel logistic regres-

sion model was fit to the data. Before I discuss that in further detail, it is important

to build some intuition regarding logistic regression. Ordinary linear regression is

not well suited to analyzing categorical outcome variables such as a TRUE/FALSE

answer. Logistic regression is used instead to model a binary outcome by predict-

ing the probability that a question is answered correctly, that is Pr(CorrectAns =

1). Throughout the dissertation, I will use phrases such as “probability of correctly

responding to test items” and “propensity to respond correctly” interchangeably to

refer to this probability, which is denoted as θ. Because θ is restricted to lie between 0

and 1, transformation —using a logit-link function— is required. Doing so eliminates

the range restriction on θ and allows it to be expressed as a linear function of the

predictors. In logistic regression, the transformation involves moving from the prob-

ability to odds and taking logarithms of the odds, the log-odds, which is equivalent

to logit( θ
1−θ ) (see Jaeger, 2008, for an introduction to regression model in frequentist

settings)

A multilevel regression model offers several advantages over a single-level model

and is thus employed in the present dissertation. Consider Table 4.1, which presents a

sample of the dataset from one participant, E001. There are two important facts about

this dataset. The first one is related to the nested structure of the data. That is, each

participant generated multiple observations. One consequence of clustered data (i.e.,

itemsi in participantsj) is that observations may be more homogeneous within clusters

(i.e., participants) but more heterogeneous between clusters. This variation from one
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Table 4.1 Sample of the dataset from one participant (E001)

ID Cloze LnStatus Day Group TestType TestLang CorrectAns
E001 12 0 1.1 ENG Pattern TH FALSE
E001 12 0 1.1 ENG Construction EN TRUE
E001 12 0 1.2 ENG Pattern EN TRUE
E001 12 0 1.2 ENG Construction TH TRUE
E001 12 0 2.1 ENG Pattern TH TRUE
E001 12 0 2.1 ENG Construction EN TRUE

cluster to another can be captured in a multilevel model as it learns about each

cluster as well as the population to which these clusters belong (see Hox, Moerbeek,

& Van de Schoot, 2017 for frequentist methods; see McElreath, 2016 for Bayesian

methods). These cluster-level values and population-level values can inform each other

in parameter estimation. Second, there was item-level as well as participant-level

information. In Table 4.1, item-level predictors include testing sessions (Day) and Ln-

analogous encodings (TestLang) whereas participant-level predictors are raw cloze

test scores (Cloze) and L1 (Group). A multilevel model can incorporate both levels

of information into a single regression model, allowing an estimate of an outcome

variable (e.g., the log-odds) to vary between higher-level clusters (participant in this

example). This is achieved by having varying coefficients for higher-level clusters,

or hyperparameters, and a probability model for those coefficients (Gelman & Hill,

2007).

In what follows, I present models and model parameters for the analyses of the

word order and predictive dependency tests. All analyses reported in the present

dissertation were conducted using the brms package (Bürkner, 2018; Nalborczyk et

al., 2019) in R version 3.5.2 (R Core Team, 2018). This package serves as a front-
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end to probabilistic programming language Stan with lme4-like syntax (Bates et al.,

2015). Stan implements Hamiltonian Monte Carlo algorithms and its extension, the

No-U-Turn sampler (NUTS), to draw random samples that approximate posterior

distributions. Markov Chain Monte Carlo (MCMC) sampling algorithms of this kind

make it possible to conduct Bayesian inference when an analytical solution is not

possible (for an introduction to MCMC, see, e.g., Kruschke, 2015; van Ravenzwaaij,

Cassey, & Brown, 2018).

4.2 Word order construction test

The word order test served as a catch trial, helping to eliminate from the main analysis

participants who did not possess the basic knowledge of the miniature language.

Participants whose proportion of correct responses fell below the 65% threshold were

thus excluded from further analyses. As will be shown in Section 5.1.1, two out of

98 participants were removed (one per each L1 group). Bayesian multilevel regression

models for the word order and predictive dependency tests outlined in this chapter

—with the results presented in the next— were conducted after the two participants

were excluded.

4.2.1 Intercept-only model

After calculating and reporting descriptive statistics, I began with an intercept-only

model in order to quantify the amount of variation attributable to differences between

test sentences and between participants. This model consisted only of an intercept

and two varying-intercept components. In this model, since there are no experimental

predictors, the intercept (α) is the average log-odds of correct responses. αCon[i] and
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αID[j] are two adjustment terms that capture deviation from α at the item and partic-

ipant levels, respectively. This deviation is the variance σ2, which is decomposed into

the standard deviation for items σCon[i] and for participants σID[j]. The intercept-only

model is considered a null hypothesis because it assumes no effects of experimental

manipulation (Hox et al., 2017; Song, Nathoo, & Masson, 2017).

By running the intercept-only model, it is possible to calculate an intraclass corre-

lation coefficient (ICC). As one type of correlation, ICC indicates the extent to which

the total variance in the model is explained by a grouping cluster (Hox et al., 2017).

Take, for instance, participants as clusters. ICC quantifies variability within clusters

(e.g., how accurate is participant no.1 in answering test questions) with respect to

variability across clusters (e.g., how accurate are participants no.1, 2, 3, and so on).

Its values can range from 0 to 1. A value of 0 indicates that variability within clusters

is not dissimilar from variability between clusters. In the present dissertation, ICC

= 0 means that the log-odds of answering test items correctly do not vary from one

participant to another. Conversely, ICC = 1 indicates that variability within clusters

is markedly different from variability between clusters. This value can be obtained,

for instance, when the log-odds only vary between participants; participants either

got all or none of the questions right. The lower the variability is within clusters (e.g.,

participant 1 answered all questions correctly while participants 2 did the opposite),

the higher it is between clusters. An ICC value is obtained using the following formula:
σ2
α

σ2
α+(π2/3)

(see, e.g., Sommet & Morselli, 2017).
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A mathematical form of the intercept-only model is as follows:

yij ∼ Bern(θij)

logit(θij) = α + αCon[i] + αID[j]

α ∼ Normal(0, 2)

αCon[i] ∼ Normal(0, σCon)

αID[j] ∼ Normal(0, σID)

σCon ∼ Exponential(2)

σID ∼ Exponential(2)

The first line of the model is a likelihood distribution: It describes how data

are generated. In this instance, a response to itemi (level-1 cluster) by participantj

(level-2 cluster) is distributed Bernouli. The ∼ symbol means “is distributed as,” and

the indices ij indicate that each response yij has the same probability function (i.e.,

likelihood). In other words, the model states that each row in the dataframe follows

the same Bernoulli distribution. The parameter θij, as discussed above, denotes the

probability that a question is answered correctly. A logit-link function is placed on

θij, and a linear model is constructed to express logit(θij) as a linear function of

the intercept α and the two varying-intercept components: by-item αCon[i] and by-

participant αID[j]. Note that in the linear model, the symbol ∼ is replaced with an

equal sign. This means that logit(θij) is a function of terms on the right side of the

equation. Once values of α, αCon[i], and αID[j] are known, so is the value of logit(θij).

This is why logit(θij) is not estimated in the model, and no prior distribution is placed

on logit(θij).

The remaining lines of the model contains prior distributions for the model pa-

rameters to be estimated. Priors express what we think about each parameter before

we observe the data. First, α is given a weakly informative Gaussian prior with a
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mean µ of 0 and a standard deviation (SD) of 2. Weakly informative priors are those

that can “regularize the posterior distribution...within reasonable bounds” but may

not fully encapsulate knowledge that a scientific community has about the parameter

(Gelman et al., 2014, p. 52). In a nutshell, this prior says that before the data are

observed the average log-odds of zero is the most highly plausible, although it can

approximately range from −6 to 6. With a mean of zero, the probability that a param-

eter value is below zero is just as much as the probability that a value is above zero.

While the Cauchy distribution can be a more weakly regularizing prior as it assigns

credibility to a wider range of values (see Figure 4.1a), Gaussian prior is chosen as it

can generalize to multivariate cases where a model contains both varying intercepts

and slopes. Second, specifying how the log-odds in one cluster relate to the others,

the two varying-intercept components follow the normal distribution with a mean of

zero. As a variance component in the model, the standard deviation σ estimates the

variation across clusters in the data. σCon and σID are two hyperparameters of the

model and were given exponential priors that restricts values to positive ones (see

Figure 4.1b). By default, variance components are given half-Cauchy distribution in

brms. McElreath (2016) recommends placing exponential priors on variance compo-

nents in non-linear models with logit or log links. The exponential prior assigns higher

credibility to smaller values, which can be more conservative in estimation than half-

Cauchy or Guassian priors (p. 363). Figure 4.1 visualizes the prior distributions on

α and σ parameters, comparing the selected priors against another commonly used

distribution.

The intercept-only model was fit with 4 chains run in parallel (a chain being a

sequence of sampled values). Each of these chains contained 5,000 iterations, with

the first 2,000 iterations in warmup being used to calibrate the sampler before being

discarded. Inference was conducted with a total of 12,000 posterior samples, i.e.,
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(a) (b)

Figure 4.1 Prior distributions in the intercept-only model of the word order test, for
α (left panel) and σ (right panel)

(5, 000−2, 000)×4. A large number of posterior samples were drawn in order to obtain

a reasonable effective number of samples. This number is an estimate of independent

samples drawn from the posterior distribution. According to McElreath (2016), a

couple of hundred samples suffice for a reliable estimate of posterior means. However, if

one were to conduct an inference on the tail end of the posterior means, approximately

10,000 would be needed. Because there is no universally agreed-upon number, I aimed

to obtain more than 2,000 effective number of samples per parameter, a number well

beyond McElreath’s (2016) recommendation. A corresponding code is as follows:

priorConNull <- c(set_prior("normal(0, 2)", class = "Intercept"),

set_prior("exponential (2)", class = "sd") )

ConTest_mod0 <- brm(CorrectAns ~ 1 + (1|ID) + (1| Construction),
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family = bernoulli(link = "logit"),

prior = priorConTest_null , data = Con_test ,

warmup = 2000, iter = 5000, chain = 4,

seed = 1345, cores = parallel :: detectCores (),

control = list(adapt_delta = 0.95) )

4.2.2 Multilevel model predicting response accuracy from three

predictors

To preface the results, ICC values for by-participant and by-item variances were

substantial. Thus, the two varying-intercept components were incorporated into the

analysis of the word order test. To predict participants’ propensity to answer word or-

der test items, three predictors were investigated: TestLang, Group, and Day. Because

the word-order test did not assess participants’ sensitivity to predictive dependencies

of tense-aspect systems per se, English proficiency and cloze scores were not included

in the model as predictors.

The choice of sum-coding

The three predictors of the word order test model were sum-coded to achieve the goal

of the analysis. Contrast coding is largely overlooked in applied linguistics; thus, I

take this opportunity to discuss how the predictors were coded and what effects it

has in linear regression. This understanding will play a critical role in interpreting

results of the word order test and in constructing as well as interpreting models of

the predictive dependency test.

TestLang and Group were sum-coded using a contr.sum function. Sum coding

(also known as deviation coding) along with Helmert coding makes all levels in each

contrast sum to zero. For instance, in a two-level categorical variable TestLang, levels
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may be sum-coded in a contrast matrix as 1 and −1. Sum coding offers one impor-

tant advantage over treatment coding, which is the default contrast coding in R: the

interpretation of coefficients, particularly the intercept. In linear regression with the

formula: yi = α + β1xi + ..., the intercept α is the predicted value of an outcome

variable when all predictor variables equal zero (i.e., when x = 0) (e.g., Hox et al.,

2017). By default, R uses treatment coding which sorts levels of a categorical variable

alphabetically and assigns 0 to the first level. In our example, English-analogous en-

coding would be coded as a reference level with treatment coding and receives 0. The

intercept would correspond to the average log-odds of answering English-analogous

test trials correctly. In frequentist methods, the significance test of the intercept is

then set up to evaluate if the log-odds of answering English-analogous trials correctly

is different from zero. A contrast of TestLang would then be Thai-analogous en-

coding, and the outcome variable of that level is compared to that of the reference

level. Therefore, the estimate for β1 (i.e., the slope) would represent the difference

in the log-odds of correct responses between English- and Thai-analogous test trials.

More specifically, β1 is calculated by subtracting the log-odds of correct responses

to Thai-analogous test trials from those of English-analogous trials. The significance

test associated with the slope asks if the difference in the log-odds equals zero. In

Bayesian contexts, parameter estimates of β1 can be checked to see if zero is within

a credible interval. If it is, for example, we may conclude that the difference in the

log-odds can be zero; thus, English- and Thai-analogous test trials are answered as

equally correctly, given the data. Treatment coding is appropriate when there is a

natural baseline level in the data (e.g., reaction time data between native vs. non-

native speakers of English). For the present study, it is questionable whether any of

the levels in TestLang should be a baseline level since no participants had familiarity

with any of the encodings prior to the experiment.
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In contrast, because sum coding makes the two levels of TestLang sum to zero

(1 + (−1) = 0), the value of the intercept when TestLang equals 0 is the grand log-

odds averaging across English- and Thai-analogous encodings, which was the desired

interpretation. Recall that the word order test called for a grammaticality judgement

of the miniature language. Whether or not a test sentence instantiated an English-

or a Thai-analogous tense-aspect encoding was not of primary interest of the test.

This stipulation means that an outcome variable was correct responses to test items

irrespective of an Ln-analogous encoding. The intercept becomes the average of the

two Ln-analogous encodings because 0 is in the middle of 1 and −1. The contrast of

TestLang would then be English-analogous encoding, the first level of the variable,

and the log-odds of answering English test trials correctly would be compared to

(i.e., subtracted from) the grand log-odds in the intercept. The estimate of β1 thus

represents deviation from the intercept when TestLang equals the English-analogous

encoding. In other words, β1 corresponds to the expected change in the log-odds —

the outcome variable— when the predictor TestLang changes from zero to one (i.e.,

becoming a test trial that mimicked the English-analogous encoding). Adding up the

intercept and β1 would yield the log-odds of answering English-analogous test trials

correctly. Not only can we obtain such information from combining the two terms of

the model, but we may also use β1 to estimate the log-odds of correct responses when

test trials instantiated the Thai-analogous encoding. If β1 tells us how much change

we can expect when TestLang goes from 0 to 1, the same amount of change, in an

opposite direction, must hold when TestLang goes from 0 to −1. This is possible

because 0 is the middle point between 1 and −1. As a result, subtracting β1 from

the intercept would give us the expected log-odds of correct responses to Thai-like

trials. Furthermore, the difference between the two levels of TestLang is 2 × β1.

With sum coding, English is converted to 1 and Thai to −1: To find the difference,
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−1 is subtracted from 1, which gives 2. I discuss sum coding and its implication

rather extensively because in a Bayesian analysis, one can use posterior samples from,

say, the intercept and β1 to construct posterior samples of a marginal effect not

reported in the analysis (see Chapter 4 of McElreath, 2016). Note that a contrast

design matrix and contrast coding work in both frequentist and Bayesian settings.

Interested readers should consult Schad, Vasishth, Hohenstein, and Kliegl (2018) for

how contrast matrices can be set up to facilitate comparison most commonly used in

psychology and linguistics.

Because Group contains the same number of levels as TestLang, the coding and

interpretation of parameters of the variable works the same way. In contrast, Day was

Helmert-coded (or more precisely reverse Helmert-coded), using a contr.helmert

function. As testing sessions consisted of four levels (k = 4), the coding resulted in

k − 1 = 3 contrasts. In similar fashion to sum-coding, levels in each contrast with

Helmert coding sum to zero. Thus, the intercept still carries the same interpretation as

sum coding. For each contrast, the average log-odds of a particular level is compared

to those of a preceding level. The first contrast of Day compared the average log-odds

of sessions 1.1 and 1.2 to the log-odds of session 1.1. That is, βD1 is calculated from

subtracting the log-odds of session 1.1 from the average log-odds of sessions 1.1 and

1.2. The estimate of βD1 thus represents the difference in log-odds. When it equals

zero, there is no change in participants’ propensity to answer test trials correctly.

The second contrast compared the average log-odds of sessions 1.1, 1.2, and 1.3 to

the average log-odds of sessions 1.1 and 1.2. The final contrast compared the average

log-odds of all four sessions to the average log-odds of the first three sessions. Each

of the three βDis represents the expected change in the log-odds as participants move

from one test to the next (and by the same token receive one extra training session).
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Model selection using prediction accuracy

With this important information in place, I proceeded to fit a model that predicted

the expected log-odds of correct responses from the three predictors. Since there

was no a priori hypothesis regarding the contribution of and interaction between

the three predictors on the propensity to answer word-order test items correctly, I

began by fitting a model with the item-level predictor, TestLang (i.e., whether a test

sentence contained an English- or Thai-analogous tense-aspect encoding), along with

its varying intercepts and slopes. The other two predictors were additionally added to

an existing model, one at a time. Lastly, a model with a three-way interaction term

was fit. After all these models were fit, their out-of-sample prediction accuracy was

compared using Bayesian leave-one-out cross-validation (LOO-CV) (Vehtari, Gelman,

& Gabry, 2017). Broadly speaking, cross-validation techniques divide the data into

several smaller parts. In each iteration, one part is held out while the rest is used

for parameter estimation. The withheld part is then used to validate the estimates.

Cross-validation techniques, including the Bayesian LOO-CV, do not test predictive

abilities of a model on “new” observations that are yet to be collected per se. As a

result, the techniques provide an approximation of the model’s prediction accuracy

(see, e.g., Nicenboim & Vasishth, 2016). In Bayesian settings, prediction accuracy

is indicated by LOO Information Criterion (LOOIC), which works to estimate the

expected log predictive density (ELPD) for a held-out dataset. In a similar fashion

to Akaike Information Criterion (AIC) reported in frequentist multilevel models, a

smaller LOO value indicates better model predictive performance.

It was found that the model with the best prediction accuracy consisted of three

predictors with no interaction between them. The model was comprised of two item-

level predictors (i.e., Ln-analogous encodings [TestLang] and testing session [Day])
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and one participant-level predictor (i.e., participants’ L1 [Group]). A varying-effects

structure was justified by the research design: by-subject varying intercepts and slopes

for TestLang and Day; and by-item varying intercepts and slopes for Group. The model

was re-fit with four chains. 12,000 posterior samples were drawn. The best-fitting

model has the following mathematical form:

yij ∼ Bern(θij)

logit(θij) = α + αCon[i] + αID[j] + (βD + βID-D)Dayij +

(βT + βID-T)TestLangij + (βG + βCon-G)Groupj

α ∼ Normal(0, 2)

(βD, βT , βG) ∼ Normal(0, 2) αCon

βCon-G

 ∼ MVN

0
0

 , SCon



αID

βID-D

βID-T

 ∼ MVN



0

0

0

 , SID


SCon =

σαCon 0

0 σβCon-G

RCon

σαCon 0

0 σβCon-G



SID =


σαID 0 0

0 σβID-D 0

0 0 σβID-T

RID


σαID 0 0

0 σβID-D 0

0 0 σβID-T


(σαCon , σβCon-G) ∼ Exponential(2)

(σαID , σβID-D , σβID-T) ∼ Exponential(2)

(RCon,RID) ∼ LKJcorr(2)
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Like the intercept-only model reported above, the first two lines correspond to the

likelihood and the linear model relating the outcome variable, logit(θij), to a set of

predictors along with varying-effects components. While the model may look complex

at first glace, its basic idea is no different from a single-level multiple regression:

The outcome variable is predicted from three predictors, each having an independent

influence on the outcome. What differs is that the expected change in the log-odds

predicted for each predictor (e.g., βD and βT ) is made to vary across a grouping

cluster, hence the varying-slope components (e.g., βID-T and βCon-G).

Prior specifications of the model

Starting from the fourth line is a list of prior distributions. The intercept and constant

slopes had a weakly informative Gaussian prior with a mean of zero and SD of 2. The

prior on α says that zero is the most plausible value of the average log-odds while the

priors on each β component state that the expected change in the log-odds caused

by a one-unit increase in the predictors is most likely to be zero. Note that for each

varying-intercept component, there is a corresponding varying slope (e.g., αID[j] and

βID). Before I proceed to discussing prior distributions for these components, it is

illustrative to consider what they represent in the model and why they are needed.

We consider, for instance, a linear regression model predicting vocabulary scores

from English proficiency in 200 students from 10 classrooms (20 students in each

class). Each score comes from student i in class j. Suppose the proficiency ranges from

10 to 30 with an average of 20. When proficiency score is centered, the intercept is the

expected vocabulary score when English proficiency is zero (an average value). With a

varying-intercept component αClass[j], we allow the expected vocabulary score to vary

from one classroom to another. A reason for doing so is obvious: a classroom where

almost all students perform well on the vocabulary test should have a higher intercept
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than the one where none of the students perform well. In a linear model like the one

above, we aim to capture one estimate (i.e., the expected vocabulary score) that

best represents the population of classes. Additionally, to acknowledge the difference

between classes, we estimate the dispersion of the expected score. In other words,

we estimate σ in the varying-intercept component αClass[j] while fixing the mean at

zero to have this component represent an offset from the expected vocabulary score.

Having different intercepts may not fully capture the variation we see between classes.

Because we have data from different classrooms, it is possible that class characteristics

mediate the influence of English proficiency on the expected vocabulary score. For

example, in a very competitive class where almost every student is highly motivated

to study English, even a moderately underperforming student might score higher than

the top performing student in a class where no one is motivated to study English.

As a result, it makes perfect sense to allow an influence of English proficiency on

vocabulary to vary across classrooms as well. In a linear model term, a parameter β

for the predictor English proficiency, which represents expected change in vocabulary

score when proficiency increases by one unit, comes to have a varying slope, βClass. Now

that the two varying-effects components are inside the linear model, one important

fact about them must be said. Classes covary in their intercepts and slopes. A higher-

performing class will have a higher intercept with a slope greater than zero, implying

positive effect of English proficiency, whereas an underperforming class tends to have

a lower intercept with a slope that is close to or equals zero. In order to address

covariation between intercepts and slopes, we model their covariance to say that they

come from the same statistical population.

With this information in mind, the varying-effects components (e.g., αID[j] and

βID[j]) in the model for the word-order test were given a multivariate normal distribu-

tion to acknowledge that these two components come from the same distribution and
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that their covariation should be acknowledged. The multivariate normal distribution

is a generalization of a normal distribution to n dimensions. The varying-effect com-

ponents had a mean of zero and a covariance matrix S. For the varying-intercept and

varying-slope components of test sentences, αCon and βCon, the covariance matrix is

factored into two standard deviations (i.e., σαCon and σβCon), and a correlation matrix

R (see McElreath, 2016). The correlation matrix R is assigned a weakly informative

prior, LKJcorr(2), that discounts correlation values toward the extreme ends of −1

and 1. The varying-intercept and varying-slope components for participants had the

same prior specifications. A corresponding code for the model is as follows:

priorConTest_mod1 <- c( set_prior("normal(0, 2)", class = "Intercept"),

set_prior("normal(0, 2)", class = "b"),

set_prior("exponential (2)", class = "sd"),

set_prior("lkj(2)", class = "cor") )

Construct_mod <- brm(CorrectAns ~ 1 + TestLang + Group + Day +

(1 + TestLang + Day|ID) + (1 + Group|Construction),

data = Con_test , family = bernoulli(link = "logit"),

prior = priorConTest_mod1 ,

warmup = 2000, iter = 5000, chain = 4, seed = 1345,

cores = parallel :: detectCores (),

control = list(adapt_delta = 0.99) )

Convergence diagnostics

Bayesian inference of the kind conducted in the present study relies on Hamiltonian

Monte Carlo, which is an MCMC algorithm, for simulating samples to approximate

the posterior distribution. As a result, before summary statistics are calculated and

conclusion drawn based on the simulated samples, it is imperative that the Markov

Chain be assessed for convergence. This amounts to investigating whether the chain

has reached a desired posterior distribution. Having demonstrated that fact, we can
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draw inference with some confidence that the simulated samples were representative

of the posterior distribution. Convergence diagnostics help provide one piece of ev-

idence for convergence. In this present dissertation, I employed a visual inspection

in the form of a trace plot and convergence diagnostic statistics, namely Gelman-

Rubin convergence diagnostic or to check for convergence (Gelman & Rubin, 1992).

First, trace plots show sampled values on which the chain landed with respect to

iteration indices. As a visual tool, the plots can show us if the chain converged on

a desired posterior distribution. More specifically, when the values move about in

small fluctuations from one iteration index to the next, with no long-term upward or

downward trends, it is likely that the chain has converged. Consequently, the simu-

lated draws at the point of convergence onwards can be used to draw inference. In

addition to a visual inspection, Markov Chain convergence was evaluated by Gelman-

Rubin convergence diagnostic or R̂. The test compares variance within each of the

simulated MCMC chains with that between chains. Large deviation (e.g., R̂ > 1.1)

thus indicates that the Markov Chain does not converge while a score of one can be

taken as evidence for convergence. After convergence was assessed, autocorrelation

was inspected. Ranging from −1 to +1, autocorrelation measures the dependence

of a current simulated draw on the previous ones (or “lags”). Low autocorrelation

indicates that samples were independently drawn (see, e.g., Kruschke, 2015). After

model-fitting and model-checking procedures were completed, summary statistics in

the model output produced by brms were reported.

4.3 Predictive dependency test

The focus of the analysis of the predictive dependency test was to assess and quantify

the contribution of item- and participant-level predictors on outcome variables: (1)
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expected log-odds of correct responses for the research questions one and four; and

(2) change in response accuracy for the research questions two and three. Models

were fit relating these outcome variables to a set of predictors in order to address the

research questions set out in Section 2.6.

4.3.1 Intercept-only model

I began by fitting an intercept-only model to the predictive dependency test data to

quantify the extent to which variation in the estimate of log-odds of correct responses

was attributable to differences between test sentences and participants. The model is

repeated here again for convenience.

yij ∼ Bern(θij)

logit(θij) = α + αCon[i] + αID[j]

α ∼ Normal(0, 3)

αCon[i] ∼ Normal(0, σCon)

αID[j] ∼ Normal(0, σID)

σCon ∼ Exponential(1)

σID ∼ Exponential(1)

The first line of the model specifies the likelihood of the model, stating that each

response, yij, is distributed Bernoulli with a parameter θij. This means, once again,

that each response yij (i.e., each row in the dataframe) follows the same Bernoulli

distribution. The intercept and the two varying-intercept components of the model,

αCon[i]
and αID[j]

, were given the same weakly informative priors as their corresponding

components in the analysis of the word-order construction test. When the intercept-

only model was fit to the predictive dependency test data, it estimated α, σCon, and
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σID. For interpretation, α is the average log-odds of correct responses, and σ is a

standard deviation of by-item and by-subject varying intercept terms, respectively.

When σ is plugged back into, say, Normal(0, σCon), the model essentially tells us how

big of a spread there is from the average log-odds of correct responses across test

items, given the predictive dependency test data. A number of chains, warm-ups, and

iterations were the same as those in the intercept-only model of the word-order test.

To anticipate the results, ICC values were 0.20 and 0.11 for σCon and σID respec-

tively. This indicates that 20% and 11% of the variation in the estimate of log-odds

were attributable to between-item and between-participant differences. Subsequent

analyses took into account the variation between test sentences and between partici-

pants as models were built to answer the research questions.

4.3.2 Research question 1: Assessing overall adaptation to first

language-analogous encoding

Moving on to assessing and quantifying the contribution of item- and participant-

level predictors on outcome variable of accuracy (i.e., the expected log-odds of correct

responses) for the first research question, I tested whether participants’ L1 moderated

the influence of Ln-analogous encodings on response accuracy. To answer this research

question, a model was constructed such that response accuracy was predicted from

two main effects (i.e., TestLang and Group) and a cross-level interaction between

them (i.e., TestLang × Group). Because the two predictors were sum-coded, the

intercept α corresponds to the average log-odds of correct responses to a generic test

item by a generic person while βT and βG in the model (page 164) correspond to the

expected change in the log-odds when test items and participants’ L1 change their

values. In this model, TestLang is an item-level (level 1) predictor while Group is a

participant-level (level 2) predictor.
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Understanding an interaction

The cross-level interaction between the two predictors is the main focus of this anal-

ysis. But what does an interaction mean? An interaction occurs when an effect of

a predictor on an outcome varies as a function of another predictor. I illustrate an

interaction by way of an example using the two predictors of the model: participants’

L1 and Ln-analogous encodings. Assume that the English L1 group earns an aver-

age score of 6 out of 10; thus, their mean correct response is 0.6. I use an average

to keep this example simple but an outcome variable can be of any type. According

to the first research hypothesis, if there is an interaction between participants’ L1

and Ln-analogous encodings, we expect to see the average score go up when English

L1 subjects (i.e., Group:ENG) are presented with test items that mimic the English-

analogous encoding (i.e., TestLang:EN). That is, for an interaction effect to be present,

the average score for English L1 participants completing English-analogous test trials

would have to be higher than their average score of 0.6. Suppose, for example, that

English L1 participants do score higher on the English-analogous test trials (e.g., a

score of 0.65). Moreover, the proportion of correct answers of two Ln-analogous en-

codings is, on average, at 0.60 (i.e., 0.6+0.6
2

). To calculate an interaction effect in this

present example with two sum-coded categorical variables, we subtract average scores

of the main effects from the average of the interaction effect:

[MENG L1 in EN trials - MENG L1] - [MEN trials - Mall trials]

It must be noted that whether MENG L1 or MEN trials comes first is irrelevant. Insofar

as the main effects are removed, what is left is the effect when the two predictors

appear together. In frequentist methods, we test if the equation above is significantly

different from zero. That is, we supply the average of each condition into the equation

(i.e., (0.65− 0.6)− (0.6− 0.6)) and ask if 0.05 is significantly different from zero. In
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contrast, in Bayesian contexts, researchers have several options. For example, they

can check whether the posterior samples of the interaction effect contain zero or probe

whether credible intervals overlapped with zero. An estimate of the interaction effects

can be interpreted in two ways: It tells us the expected change in the influence of

English-analogous trials on the average score when participants become the English

L1 group. Conversely, the estimate can mean the expected change in the influence

of English L1 group on the average score when test trials switch to instantiate the

English-analogous encoding. These two interpretations are made possible because, as

stated above, whether MENG L1 or MEN trials is subtracted from MENG L1 in EN trials does

not matter; the estimate would still be the same.

The two predictors and their interaction were entered into a model as a set of

contrast variables. These variables can be represented in a contrast coding matrix as

shown in Table 4.2. Intuitively speaking, R uses this coding matrix to “determine” how

to calculate the coefficients as discussed above. Matrix columns represent contrasts

the model attempts to estimate. A contrast for the interaction column is obtained

from multiplying numerical values of the two categorical predictors on a particular

row (e.g., 1×1 = 1 or 1×−1 = −1). These contrasts would appear as parameter esti-

mates of the model of the research question one. Matrix rows correspond to each of the

combinations of the two predictors. The first row, for instance, represents a combina-

tion of English L1 participants and English-analogous encoding. Thus, the estimated

log-odds of English L1 participants correctly answering test items that instantiated

the English-analogous encoding can be computed from summing up numerical values

and their corresponding parameter estimates, namely 1 ·α+1 ·βT+1 ·βG+1 ·βEN:ENG.
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Table 4.2 Contrast matrix of the research question one

Predictors Contrast coding
TestLang Group Intercept TestLang:EN Group: ENG EN:ENG

EN ENG 1 1 1 1
TH ENG 1 −1 1 −1
EN THAI 1 1 −1 −1
TH THAI 1 −1 −1 1

Model components

Now that the interaction effect, which is the focus of the research question one, is

explained and illustrated, I discuss the rest of the model. There was one item-level

control predictor, TestTrial, which refers to a numerical order of test sentences in a

given testing session. This control variable was centered and added as a constant-effect

parameter βTT. As for the varying-effect components, in addition to subject- and item-

specific varying intercepts, the model incorporated a number of varying slopes. First,

it contained by-item varying slopes for Group, thus allowing the effect of participants’

L1 to vary by test sentences. Second, the model incorporated by-subject varying slopes

for TestLang, allowing for the effect of Ln-analogous encodings in test sentences to

vary across participants. Last, the model contained by-subject varying slopes for

the cross-level interaction term. The varying slopes take into account the fact that

the interaction between participants’ L1 and the Ln-analogous encodings may be

stronger in some participants and weaker in others. Such varying-effects structure

was justified by the research design and was confirmed by visual inspection of the
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data. The mathematical model for the research question one has the following form:

yij ∼ Bern(θij)

logit(θij) = α + αCon[i] + αID[j] + βTTTestTrialij + (βT + βID-T)TestLangij +

(βG + βCon-G)Groupj + (βTG + βID-TG)TestLangij ×Groupj

α ∼ Normal(0, 3)

(βTT, βT, βG, βTG) ∼ Normal(0, 3) αCon

βCon-G

 ∼ MVN

0
0

 , SCon




αID

βID-T

βID-TG

 ∼ MVN



0

0

0

 , SID


SCon =

σαCon 0

0 σβCon-G

RCon

σαCon 0

0 σβCon-G



SID =


σαID 0 0

0 σβID-T 0

0 0 σβID-TG

RID


σαID 0 0

0 σβID-T 0

0 0 σβID-TG


(σαCon , σβCon-G) ∼ Exponential(1)

(σαID , σβID-T , σβID-TG) ∼ Exponential(1)

(RCon,RID) ∼ LKJcorr(2)

Just like the previous models, the first line constitutes the likelihood of the model.

A response from test sentencei in participantj follows the Bernoulli distribution. The

parameter, logit(θij) is re-expressed as a linear function of four predictors, each with

its own parameter. As logit(θij) depends on other parameters (e.g., α and β), it is

not directly estimated, but is estimable by estimating the parameters it depends

164



upon. Thus, it is possible to arrive at θij (e.g., McElreath, 2016, p. 93). Because

TestLang and Group were sum-coded, the parameter estimates of βG and βT represent

the only contrast of each predictor: English L1 group and English-analogous test

trials, respectively. Each of the β components represents expected change in the log-

odds when its corresponding predictor increases by one unit (that is, when TestLang

switched to instantiate the English-analogous encoding and when Group had English

as its L1).

Priors were specified independently for each parameter. The intercept α and the

slopes β were given a Gaussian distribution with a mean of zero and standard devia-

tion of three. A prior distribution for βTG, which represents the interaction between

participants’ L1 and Ln-analogous encodings, requires further elaboration.

The research question one set out to investigate whether participants performed

more accurately on test trials that mimicked their L1-analogous tense-aspect encod-

ing. It was argued this preference was to be observed because participants would

expect to see a novel tense-aspect encoding contain predictable associations similar

to those of participants’ L1. Such expectations, it was further argued, guided par-

ticipants’ adaptation in a miniature language-learning experiment. Specifically, when

one of two tense-aspect encodings in the miniature language was consistent with par-

ticipants’ expectations, adaptation to that particular encoding was better facilitated,

hence higher accuracy to L1-analogous test trials. This hypothesis is encapsulated in

βTG, and the posterior samples of this parameter can tell us if the hypothesis was

confirmed.

A prior can be placed on βTG such that the expected change in the log-odds is

consistent with the hypothesis. For instance, assuming that the interaction between

participants’ L1 and Ln-analogous encodings led to a small positive increase in the log-

odds, I could have chosen Normal(0.1, 3) as a prior distribution of βTG. Nevertheless,
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I instead opted for Normal(0, 3), which is tantamount to assuming that the influence

of the interaction on the log-odds is non-existent. Although there is now a wealth of

empirical evidence in support of prior linguistic knowledge in L2/Ln learning (e.g.,

Jarvis & Pavlenko, 2008), previous studies utilized a research design that is dissimilar

to the present one. To the best of my knowledge, the most similar study to the present

one in terms of statistical analysis is Murakami and Alexopoulou (2016) where a

frequentist single-level multiple linear regression was employed to test the influence

of the presence of equivalent inflectional morphemes in learners’ L1 on a target-like use

of English inflectional morphemes. Murakami and Alexopoulou observed a positive

effect of 0.084, meaning that when an L1 of participants had an equivalent inflectional

morpheme (e.g., Japanese past-tense morpheme -ta and English -ed), a target-like

use of English inflectional morphemes showed an 8.4% increase. Notwithstanding,

different outcome variables and research designs between Murakami and Alexopoulou

and the present study made it difficult to translate the positive increase in the target-

like use to the log-odds of response accuracy.

More importantly, by centering a prior distribution of βTG at zero and giving it

a relatively large SD on the log-odds scale, the likelihood (i.e., the data) can come

to dominate the posterior distribution. Future research can use the posterior distri-

butions from the present study to better inform its prior specifications, setting in

motion an iterative step whereby one’s posteriors become another person’s priors.

In addition to the constant effects, the varying-effect components were given their

prior distributions. In order to say that αCon and βCon come from the same statistical

population, the two were given a multivariate normal distribution with a covariance

matrix S. The matrix required hyperparameters (i.e., σαCon and σβCon) and the corre-

lation matrix R. Following McElreath’s (2016) recommendation, standard deviations
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were given exponential priors while the prior for R was the LJK correlation. The R

code for the model is shown below:

priorPattern_RQ1 <- c(set_prior("normal(0, 3)", class = "Intercept"),

set_prior("normal(0, 3)", class = "b"),

set_prior("exponential (1)", class = "sd"),

set_prior("lkj(2)", class = "cor") )

RQ1_Pattern <- brm(CorrectAns ~ 1 + TestTrial + TestLang + Group +

TestLang:Group + (1 + TestLang + TestLang:Group|ID)

+ (1 + Group|Construction),

family = bernoulli(link = "logit"),

prior = priorPattern_RQ1 , data = Pattern_test ,

warmup = 2000, iter = 5000, chain = 4,

inits = 0, seed = 9870,

cores = parallel :: detectCores (),

control = list(adapt_delta = 0.99) )

It is critically important to determine that a choice of priors does not lead to

unrealistic values being observed in parameter estimates. For instance, given the de-

scriptive statistics of the predictive dependency test, it is highly unlikely that the

grand log-odds (i.e., the intercept) would be above 3. Were this to happen, it would

mean that a more appropriate prior is needed. To guard against this possibility, Gel-

man (2006) recommends repeating an analysis with different priors and perform a

check on parameter estimates. I reran the analysis twice, each time with a different

choice of priors for α and β as these parameters represent the effect of interest for this

dissertation. I replaced Normal(0, 3) with Normal(0, 1) and Normal(0, 5). These three

priors differ only in their standard deviation. The larger the SD, the fatter the tail of

the distribution. While the three priors assign higher plausibility to log-odds between

−2 and 2, the extent to which extreme values are plausible differs. Specifically, the

Normal(0, 5) has the fattest tail and thus assigns higher plausibility to extreme values
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(e.g., log-odds of −10 or 10) than Normal(0, 1) and Normal(0, 3) (see Figure 4.2a).

Subsequently, the three models were compared using the Bayesian LOO-CV for their

out-of-sample prediction accuracy.

4.3.3 Research questions 2 and 3: Gauging the speed of adaptation

The data analysis plans for the second and third research questions were considered

simultaneously. Specifically, these questions tested whether participants demonstrated

faster adaptation to their L1-analogous encoding on the first day of the experiment

and whether each group of participants adapted to the two encodings at a similar rate

on the second day. In this analysis, behavioral evidence of adaptation to each of the

two Ln-analogous encodings was captured by a change in proportion of response ac-

curacy. To obtain each participant’s “change” scores, I first calculated a proportion of

correct responses per Ln-analogous encoding per testing session. Then, for each of the

first two days of the experiment, each participant’s average score of a particular Ln-

analogous encoding on the first test was subtracted from the score on the second test

(e.g., MTest1.2-ENG−MTest1.1-ENG). This calculation yielded a change score per encoding

and individual for day 1 and day 2. Lastly, the scores were converted to percentage in

order to facilitate interpretation of the results. Thus, they were a continuous-scaled

variable. A positive change would be indicative of an increase in response accuracy.

We would conclude that the higher the change, the faster the adaptation becomes.

Conversely, a negative change would mean that response accuracy decreased. This

can occur when participants become less accurate on the second test of the day. A

zero change would not mean zero accuracy. On the contrary, it would indicate that

those participants maintained their response accuracy irrespective of how accurate

they were.
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(a) Three choices of prior with different values for stan-
dard deviation

(b) LKJ prior on the correlation

Figure 4.2 Prior distributions for the research question one
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A participantj generated four change scoresi. In total, there were 384 data points

(96 participants × 4 change scores). The research questions and the hypotheses asso-

ciated with them did not compare the amount of change in response accuracy between

the first and second day. Rather, they probed the change in response accuracy of each

of the two Ln-analogous encodings as participants moved from the first to the second

test of each day. Consequently, I analyzed the data from each day separately. Each

dataset consisted of 192 data points. Despite this being far smaller than the original

dataset, the number of items in each dataset was still greater than a rule-of-thumb

sample size number discussed in Section 3.2.

Before proceeding to fitting a model to each dataset, I assessed relative variability

across participants by fitting an intercept-only model separately to the day 1 and day

2 datasets. The model contains the intercept and by-subject varying intercept and

is different from the previous intercept-only models in the likelihood. The outcome

variable, change scores, is normally distributed. That is, changeij ∼ Normal(µij, σe).

Prior distributions for the scale parameter of the likelihood σe and SD of the by-

subject varying intercept σID follow the exponential distribution rather than the half-

Cauchy distribution. I discuss a model design more extensively on page 176. With the

normal likelihood, σ was estimated at participant and population levels; thus, ICC

values were obtained using the following formula: σ2
ID

σ2
ID+σ2

e
(Hox et al., 2017).

Initially, after the intercept-only model was run, I found that the number of effec-

tive samples was low for the two variance parameters of the day 2 dataset. That is,

out of 12,000 posterior samples drawn, there were fewer than 1,000 effective samples.

This problematic issue was largely due to the fact that participants’ rate of change

fluctuated widely. For instance, recall that there were 4 test trials per each of the

Ln-analogous encodings. Getting one extra question correctly in the second testing

session of the day led to an increase of 25%. Conversely, making one wrong choice led
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to a decrease of −25%. By default, brms starts each chain at a random number, which

may not be an appropriate starting point given the fluctuation of the rate of change.

The chains may need to run longer before they reach a stationary part of the distri-

bution, thereby requiring more post-warmup iterations and/or extra chains. To help

the sampler explores each chain more effectively, a starting value of each parameter

the model attempts to estimate can be specified. Thus, I provided a starting value

for the parameters of the intercept-only model using values both from the tail end of

the distribution and around the mean, obtained from the initial intercept-only model.

This list of starting value was added into a model using a function call inits, which

accepts a list of lists. Doing so improved the performance of the sampler and led to an

increase in the number of effective samples. The estimates only differed in the third

decimal between models with random starting values (i.e., the default setup) and the

one with pre-specified values. As for the day 1 dataset, default random numbers and

pre-specified starting values led to the same estimates and more importantly the same

number of effective samples. Thus, I opted for default random numbers for the day 1

dataset.

In order to investigate the research questions two and three, separate models

were constructed, one for each day, such that a rate of change was predicted from

TestLang, which in the present context describes whether the change was with respect

to the English- or Thai-analogous encoding, EngProfBin, which captures participants’

linguistic profiles, and a cross-level interaction between the two explanatory variables.

In other words, the models tested whether the influence of Ln-analogous encodings

on the change scores was modulated by participants’ linguistic profiles.

Rather than only considering participants’ L1 backgrounds as a grouping factor,

in this analysis, I considered participants’ linguistic profiles. That is, and as it will be

remembered, Thai L1 participants completed the English language proficiency test

171



and their proficiency scores on a continuous scale were converted using a median

cutoff value to indicate whether they were considered to be Thai L1 subjects with

higher English proficiency (or above-median in the dataset) or Thai L1 participants

with weaker English (or below-median). Functionally English L1 monolinguals, coded

as native-speaker, were recruited based on pre-specified demographic information.

Creating three groups of participants, one for each linguistic profile, was motivated

by one important consideration: A prior can be given specifically to each contrast of

a categorical variable. For instance, when the variable, linguistic profiles, with k = 3

categories is sum-coded, it yields k − 1 = 2 contrasts. This means that each partici-

pant in the above-median group can have a prior that is different from that for each

individual in the below-median group, and these priors can capture a group-specific

change. I discuss this issue in more detail below with regard to prior distributions for

model parameters.

I ascertained that this form of conversion did not affect prediction accuracy by

fitting two models that predicted change scores from either a continuous variable (i.e.,

scaled English proficiency scores [EngProfScale]) or a sum-coded categorical variable

(i.e., participants’ linguistic profiles [EngProfBin]. The two models produced nearly

identical estimates (see Table E.1 in Appendix E). Furthermore, the standard error

between the two models was not greater than 2 (i.e., LOOIC for EngProfScale =

3592.5; SE = 38.1 and LOOIC for EngProfBin = 3593.8; SE = 37.8). This indicated

that the model with continuous-scaled proficiency scores and the one with three-level

linguistic profiles did not differ in their prediction accuracy. I proceeded by using

EngProfBin as an indicator for participants’ linguistic profiles.

As discussed above, in answering the research questions two and three, adapta-

tion was operationalized as the change in response accuracy (i.e., whether the ac-

curacy went up or down), and the analysis aimed to estimate the within-subject
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change to each of the Ln-analogous encodings. The change in response accuracy was

analyzed separately for each day of the experiment by subtracting each person’s

proportion of correct response on the second test from that on the first test (e.g.,

MTest1.2-ENG −MTest1.1-ENG). Like all previous models, the two categorical predictors

were sum-coded using the contr.sum function. Recall that the function codes levels

in each contrast such that they sum to zero. As a result of sum coding, the inter-

cept of the model corresponds to the grand mean of change averaging across language

backgrounds and Ln-analogous encodings (i.e., when TestLang and EngProfBin equal

zero). Hypothetically speaking, it represents the average change in a generic person

toward a generic tense-aspect encoding (i.e., neither English- nor Thai-analogous en-

coding).

The two-factor predictor TestLang generated a single contrast (i.e., k = 2; k−1 =

2−1), and it compared the change score pertinent to the English-analogous encoding

to the grand mean of change in the intercept. The parameter βT (or more precisely

βT-ENG) expresses the difference between these two values. In addition to obtaining

parameter estimates, I used the estimates to calculate a marginal effect of each level

in TestLang. Because the intercept represents the average values when all predictors

were zero and because βT-ENG is the expected deviation when TestLang moves from

zero to one, a marginal effect of the English-analogous encoding on the rate of change

was obtained by summing up the posterior samples of the intercept and the samples

of βT-ENG. Conversely, a marginal effect of the Thai-analogous encoding, which was

coded as −1, was calculated by subtracting the posterior samples of βT-ENG from

those of the intercept.

The second predictor, EngProfBin, consisted of three categories; thus, it generated

two contrasts. The first contrast concerned the above-median group, and the estimate

βEP1 captures the difference between the change scores in the above-median group
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and the intercept (i.e., the grand mean of change across tense-aspect encodings and

linguistic profiles). When the posterior samples of the intercept were summed with

those of βEP1, a marginal effect of being the above-median group on the change in re-

sponse accuracy to a generic tense-aspect encoding was obtained. The second contrast

referred to the below-median group, and its estimate βEP2 reflected the difference be-

tween the change scores in the below-median group and the intercept. There was no

parameter for the functionally monolingual English L1 group, but because internally

the group was coded as −1 in each of the two contrasts, the marginal effect of being a

functionally monolingual English L1 subject on the change scores was obtained from

α + (−1)βEP1 + (−1)βEP2 (see a contrast matrix below).

A critical element of the model lies in the cross-level interaction between partic-

ipants’ linguistic profiles and Ln-analogous encodings. There were two contrasts

for the interaction term: (1) above-median×English-analogous; and (2) below-

median×English-analogous. In a nutshell, each contrast compared the change scores

when the two predictors were combined (e.g., the average change to the English-

analogous encoding in test sentences in the above-median group) to the scores when

only one predictor was present. The estimate for each contrast tells us the expected in-

crease or decrease in the influence of linguistic profiles on the change scores when test

trials come to instantiate the English-analogous encoding, and vice versa. Please refer

back to page 162 for how an interaction effect is calculated. Table 4.3 presents a con-

trast coding matrix of the research questions two and three. Recall that the columns

are the contrasts estimated in the model (as intercept and slopes), and the rows are

the levels of each predictor. Estimated change scores for each combination of linguistic

profiles and Ln-analogous encodings can be computed from summing all the numerical

values and their associated parameter estimates. For instance, the estimated change
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Table 4.3 Contrast matrix of the research questions two and three

Predictors Contrast coding
TestLang EngProfBin Intercept EN Above Below EN:Above EN:Below

EN Above-median 1 1 1 0 1 0
TH Above-median 1 -1 1 0 -1 0
EN Below-median 1 1 0 1 0 1
TH Below-median 1 -1 0 1 0 -1
EN Native-speaker 1 1 -1 -1 -1 -1
TH Native-speaker 1 -1 -1 -1 1 1

toward the English-analogous encoding in the higher-proficiency Thai L1 participants

can be obtained from 1 · α + 1 · βT + 1 · βEP1 + 0 · βEP2 + 1 · βEN:Above + 0 · βEN:Below.

After the three constant-effect elements of the model were specified, I assessed

whether or not varying slopes were warranted. A by-subject varying intercept was

deemed necessary since change scores were nested within participants. Nevertheless,

because there was no a priori assumption regarding varying-slope components, I fit

models by placing by-subject varying slope(s) on the constant-effect components. One

model had a varying slope on TestLang, another on the interaction between TestLang

and EngProfBin, and the other on both components. For the day 1 dataset, the

model with a by-subject varying intercept and a varying slope on the interaction term

had the smallest LOOIC and the highest model weight, followed by the model with

only a varying intercept. Nonetheless, none of the standard errors of the difference

between each pair of models was greater than 2, indicating that the models did not

differ drastically in terms of their prediction accuracy. Despite this similar prediction

accuracy, the models with varying slopes provided information about SD of varying

slopes that the varying-intercept model did not, and most of the SDs were greater

than 1. As for the day 2 dataset, the model that contained only a varying intercept
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had the smallest LOOIC, followed by the one with a varying intercept and a varying

slope on the interaction. Similar to the day 1 dataset, the SE of the difference between

each pair of models was below 2. For consistency across both datasets, I selected the

model that incorporated a by-subject varying intercept and a varying slope on the

interaction term and re-run it for each dataset with a more refined prior specification

as outlined below. A mathematical form of the model is written as:

Changeij ∼ Normal(µij, σe)

µij = α + αID[j] + βTTestLangij + βEPEngProfBinj +

(βTEP + βID-TEP)TestLangij × EngProfBinj

α ∼ Normal(0, 10)

(βT, βEP1, βEP2) ∼ Normal(0, 3)

βabove×EN ∼ Normal(1, 3)

βbelow×EN ∼ Normal(−1, 3) αID

βID-TEP

 ∼ MVN

0
0

 , SID


SID =

σαID 0

0 σβID-TEP

RID

σαID 0

0 σβID-TEP


σe ∼ Exponential(1)

(σαID , σβID-TEP) ∼ Exponential(1)

RID ∼ LKJcorr(2)

The first line expresses the model’s likelihood. Changeij is the outcome variable

the model attempted to predict. The first step toward predicting the change scores,

given the current set of data, is to specify a likelihood function that describes how

the change in each of the two Ln-analogous encodings is generated. Recall that a
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likelihood tells a story of how data came about (McElreath, 2016). In the present

context, the change in response accuracy— which is one of two behavioral indices of

adaptation— is assumed to come from a Gaussian (i.e., normal) distribution with two

parameters: a mean µ and standard deviation σ. In Bayesian methods, parameters

have a probability distribution, so do µ and σ. Also, since probability in this paradigm

quantifies uncertainty in our belief about a particular parameter, each value of µ and σ

can then come to be associated with a level of uncertainty (or conversely plausibility).

Since change is posited to be normally distributed, to compactly describe it, we

can instead describe the center uij and spread σ of the distribution. The second line

of the model states that the parameter µij is related to a set of predictors. This means

that the distribution of µij depends upon other parameters. In linear regression, these

parameters are the model intercept and slopes, one for each predictor variable. In the

present model, the predictor variables were Ln-analogous encodings (TestLang), par-

ticipants’ linguistic profiles (EngProfBin), and a cross-level interaction term between

the two variables. As a result, to describe µij, we must describe these three elements

of the model. Once these parameters are estimated, µij can be derived simply by

adding up all the parameter values.

Not only does the model need the likelihood, which it has, it also requires a set

of prior distributions, one for each parameter of the model. These priors express the

knowledge we have regarding a specific parameter before seeing the data. A list of

priors is as follows: First, a prior distribution Normal(0, 10) on the intercept α means

that before observing the data, we believe the grand mean of change has a mean

value of zero and a standard deviation of ten. Thus, the mean change scores with

95% probability may go up as high as 20% or as low as −20%. In reality, it is likely

that the grand mean of change would be smaller than what the prior says. Giving

a prior a broad range of values is meant to regularize it to be within a reasonable

177



(a) Intercept and main-effect coefficients (b) Interaction term

Figure 4.3 Prior distributions for the research questions two and three. The x axes
are not on the same scale.

space of values so that the data expressed in the likelihood can come to dominate the

posterior. In light of different priors for coefficients (i.e., β components or slopes) of

the model, I elaborate on each one in more detail. βT and βEP — more specifically,

βT-ENG, βEP1, and βEP2— were given the same prior distribution with a mean of zero

and a standard deviation of three (see Figure 4.3a). This prior states that before

observing the data, we believe that the influence of TestLang:EN, for instance, on

the rate of change is practically non-existent (i.e., a mean of zero). With SD of 3, we

allow for the plausibility that the influence can be as high as 6% or as low as −6%.

This range of values covers the 95% probability (i.e., mean ±2 SD).

When the same set of priors is assigned to k − 1 levels of a categorical variable,

we assume that each level of a predictor variable has the same —or at least similar—

influence on the change scores (or any other outcome variable). This assumption may
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not always hold. In the case of adult L2 learners acquiring English, the literature

suggests that in terms of functions and meanings, highly proficient learners develop

a more complex tense-aspect distinction and consistently mark such distinction in

their production (e.g., English Simple Past vs. Past Perfect) whereas learners with

lower proficiency tend not to progress beyond expressing basic meanings (Bardovi-

Harlig, 1992a; see also Housen, 2002). It is reasonable to think that English proficiency

should influence the rate at which learners of the miniature language adapt to the

English-analogous encoding. In fact, as will become clear in Chapter 5 when the

results are presented, the descriptive statistics showed that, among other things, the

above-median and below-median groups adapted to the English-analogous encoding

in an opposite direction on the first day of the experiment (see Table 5.6).

With this information at hand, it was appropriate to specify different prior dis-

tributions that take into account performance difference between Thai L1 partici-

pants with stronger English and those with weaker English (or, broadly speaking,

any group comparison that differs on an outcome variable commonly investigated in

adult L2/Ln learning). Because the interaction term generated two contrasts that

were entered into the model, namely above-median×English-analogous and below-

median×English-analogous, I assigned a prior specifically for each contrast. It is,

however, recommended that one construct a more informative prior using estimates of

a posterior distribution either from published work with similar methodology and/or

outcome variable or from meta-analyses.

Nevertheless, to the best of my knowledge, the present dissertation is the first of

its kind that investigated the influence of prior linguistic knowledge on the ability to

adapt to novel tense-aspect encodings. As a result, in order to specify a Gaussian prior

for each contrast in the interaction term, I instead relied on information from descrip-

tive statistics. Before we proceed, it must be acknowledged that using a current set of
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data to inform a prior is far from ideal, and as such the approach taken here should

be considered as a first, naïve attempt to capture the difference commonly observed

in adults who had different L2/Ln proficiency. Future work can utilize parameter es-

timates from the present study or some meta-analytic work —where available— to

specify a more appropriate prior distribution. With that said, it was found that on

the first day of the experiment the above-median group improved slightly as they

moved from the first to the second test whereas the below-median group had a small

dip in the accuracy. A single-level multiple regression model also confirmed this pat-

tern of change although none of the contrasts was significant. In constructing the two

priors, I opted to center a mean µ on the smallest round number on each side of

zero. Each one thus resembled a trend reported in descriptive statistics: Normal(1, 3)

for the above-median×English-analogous contrast and Normal(−1, 3) for the below-

median×English-analogous contrast. With the same SD, nonetheless the two prior

distributions overlapped extensively and covered the same range of values (see Fig-

ure 4.3b). These two priors were specified specifically for the interaction contrasts in

the analysis of the day 1 dataset. Since it was hypothesized that the change toward

the two Ln-analogous encodings would be similar on the second day, the two contrasts

were given Normal(0, 3) priors like any other parameters.

A scale parameter in the likelihood was a new addition. The previous models

contain σ in varying intercepts and varying slopes. They all belong to a variance

component of a multilevel model. Since changeij was normally distributed, it re-

quired a parameter that measures distance from the mean in either direction, and

σe expresses such information. Gelman (2006) recommends a Half-Cauchy prior for

variance parameters in a multilevel model. A half-Cauchy distribution belongs to a

half-t family of distribution and is restricted only to positive real numbers. This char-

acteristic makes it a useful prior for variance, along with the exponential prior, as
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SD is always positive. Another property of the half-Cauchy distribution that makes

it a weakly informative prior is that it assigns plausibility to values at the tail of the

distribution. However, an algorithm may sample using extreme values, and this can

cause a number of problems.

Intuitively speaking, imagine jumping from one end of a seven-foot rope to the

other. For an average person, it is almost impossible to do so in one jump. It would

be more reasonable to make a few small jumps. By the same analogy, a Hamiltonian

Markov chain will have to perform small jumps to explore two extreme values on an

opposite side. As one jump depends on another, small jumps in succession can lead

to high autocorrelations within chain. Autocorrelations then produce an extremely

small number of effective samples (McElreath, 2016). Furthermore, as chains explore

extreme values, they may never converge on the same stationary part. An R̂ value

above 1.1 can be indicative of this symptom. Stan will produce warning and suggest

steps to fix these problems. However, in some cases, changing settings in Stan (and

brms) does not lead to an improved sampling and these problems may still persist

(Betancourt, 2017).

Initially, half-Cauchy priors (i.e., half-Cauchy(2)) were given to the variance com-

ponents of the model (e.g., σe and σID), and all of the above problems were encoun-

tered. Changing the settings such as adapt.delta and max.treedepth occasionally

solved the issues but parameter estimates were produced from only one to two hun-

dred effective samples. This small number can affect the estimates of 95% credible

intervals (McElreath, 2016). Additionally, the half-Cauchy priors almost always led

to divergent transitions, which can lead to biased parameter estimation (Betancourt,

2017). Although there are more appropriate tests for divergent transitions which re-

quire slightly more advanced technical understanding (Betancourt, 2017; Vehtari,

Gelman, Simpson, Carpenter, & Bürkner, 2019), a simple trace plot suffices for the
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Figure 4.4 Example of trace plots where chains did not converge for half-Cauchy
priors
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present example. For instance, Figure 4.4 illustrates a case where the four chains did

not seem to converge when half-Cauchy priors with a scale of 2 were given to SDs of

varying intercepts and slopes. Furthermore, it can be seen from the trace plots that

parameter values swung widely within and between chains (e.g., chain 4 in purple). To

address this problem, I placed exponential priors on σe and σID components, following

McElreath’s (2016) recommendation. The R code for the model is as follows:

priorPat <- c( set_prior("normal(0, 10)", class = "Intercept"),

set_prior("normal(0, 3)", class = "b"),

set_prior("normal(1, 3)", class = "b", coef = "TestLang1:

EngProfBin1"),

set_prior("normal(-1, 3)", class = "b", coef = "TestLang1:

EngProfBin2"),

set_prior("exponential (1)", class = "sd"),

set_prior("exponential (1)", class = "sigma"),

set_prior("lkj(2)", class = "cor") )

RQ2.1 <- brm( Rate_percent ~ 1 + TestLang + EngProfBin + EngProfBin:TestLang +

(1 + EngProfBin:TestLang | ID),

family = gaussian (), prior = priorPat ,

warmup = 2000, iter = 5000, chain = 4, data = Rate_D1,

seed = 9067, cores = parallel :: detectCores (),

control = list(adapt_delta = 0.999) )

4.3.4 Research question 4: Connecting prior English tense-aspect

knowledge to test performance

In the final research question, I probed the contribution of English tense-aspect knowl-

edge of English L1 and Thai L1 participants on the log-odds of correct responses to

test trials that specifically instantiated the English-analogous tense-aspect encoding.

The analysis was motivated by both theoretical and methodological reasons. On a the-

oretical ground, adaptation to novel tense-aspect encoding is argued to be guided by
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prior, out-of-laboratory experience accumulated over participants’ life-long exposure

to tense-aspect encoding in their known language(s). On a methodological ground,

prior experience with the English tense-aspect system was quantified empirically in

the present study by the English tense-aspect cloze, which assessed participants’ sen-

sitivity to adjacent predictive dependencies underpinning the English Simple Present

and Past, and the English proficiency test, which measured overall English language

skills. This set of information thus allowed for a more in-depth investigation of the in-

fluence on prior linguistic knowledge on adaptation to the English-analogous encoding

of the miniature language.

After fitting an intercept-only model to quantify variability in the data, I

proceeded to construct a model such that the outcome variable, response accu-

racy of test trials that mimicked the English-analogous encoding, was predicted

from one participant-level variable, standardized English tense-aspect cloze scores

(ClozeScale). Two other predictors were tested initially but not incorporated into a

final model. These predictors are discussed in successive order.

First, English proficiency was removed from the final model because standardized

English proficiency scores (EngProfScale), which measured participants’ English pro-

ficiency, strongly correlated with the standardized English tense-aspect cloze scores,

Pearson’s r = 0.80, p < 0.001. In addition, when a model was fit to predict response

accuracy from standardized proficiency and cloze scores, it was found that a posterior

distribution of these two constant-effect parameters highly correlated, r = −0.80 (see

Figure 4.5). As shown in a lower-left panel, the posterior is a thick line of negatively

correlated values, indicating that the two predictors provided highly similar informa-

tion. A sign of collinearity between the two predictors was also observed in parameter

estimates. A model predicting the log-odds of correct responses solely from tense-

aspect knowledge (M1) showed a positive influence of the predictor on the outcome.
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Table 4.4 Comparison between two models. M1 consisted only of the tense-aspect
knowledge while M2 included the tense-aspect knowledge along with the standardized
English proficiency

Parameters Normal(0,1) Normal(0,3) Normal(0,5)
M1 M2 M1 M2 M1 M2

α 0.60 (.31) 0.61 (.31) 0.65 (.33) 0.66 (.32) 0.67 (.34) 0.69 (.34)
βCloze 0.25 (.18) -0.08 (.29) 0.25 (.18) -0.11 (.31) 0.26 (.19) -0.12 (.31)
βProf – 0.42 (.29) – 0.46 (.31) – 0.46 (.30)
σCon 1.26 (.25) 1.25 (.25) 1.25 (.25) 1.24 (.24) 1.25 (.25) 1.26 (.25)
σID 0.67 (.10) 0.66 (.10) 0.67 (.10) 0.66 (.10) 0.67 (.10) 0.66 (.10)
BFM1:M2 1.21 2.08 5.14

Nevertheless, once English proficiency was included in another model (M2), the pos-

terior mean estimate for the tense-aspect knowledge became negative, indicating that

an increase of one scale unit in cloze scores reduced the log-odds. Table 4.4 presents

parameter estimates of models with and without standardized English proficiency

scores, given a different choice of priors. Across the three sets of priors, having in-

cluded English proficiency into the model changed parameter estimate of tense-aspect

knowledge in the same way. Last, a posterior distribution of the sum of the two β

components (one each for English proficiency and cloze scores) in M2 (Figure 4.6b)

yielded an estimate that was highly similar to the one obtained from the cloze scores

alone in M1 (Figure 4.6a). All of this information suggested that English proficiency

provided nearly the same information as English tense-aspect knowledge. Since the

English tense-aspect cloze test was designed to directly assess adjacent predictive

dependencies of English tense-aspect encoding that were incorporated into the minia-

ture language, I decided to retain this predictor and removed the English proficiency

test from the model in order to eliminate collinearity of the two predictors.
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Figure 4.5 Correlation between English proficiency and cloze in a model with both
predictors
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(a) (b)

Figure 4.6 Posterior distribution of the cloze scores and of the sum of cloze and
proficiency scores

The other predictor that was tested but later removed was participants’ L1

(Group). There were two possibilities as to why the L1 of participants could have

influenced the log-odds of response accuracy. First, in light of the research question

one, the influence of English tense-aspect knowledge on the log-odds of correctly

answering the English-analogous encoding may have differed between the English

L1 and the Thai L1 participants. For example, for Thai L1 participants, English

tense-aspect knowledge might not have contributed at all to response accuracy while

the opposite was the case with English L1 subjects. The other, more likely, possibility

was that since the analysis was restricted to test trials that mimicked the English-

analogous encoding, what mattered more was not the L1 of the participants but the

English tense-aspect knowledge that would enable participants to adapt more readily

to the English-analogous encoding.
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Figure 4.7 Parameter estimates of model with cloze scores and L1 as predictors.
The thick bars represent 95% credible intervals, and the thin bars show the mini-
mum and maximum of the posterior samples
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These two possibilities were assessed by running a model that predicted the log-

odds of correct responses from tense-aspect cloze scores and participants’ L1. This

model (M2 in this context) was then compared to the one that consisted solely of cloze

scores (M1). As graphically represented in Figure 4.7, the posterior mean estimate of

cloze scores went down to 0.04 (SD = 0.27) in M2, from 0.25 reported in Table 4.4.

Conversely, SD increased and was four times as large as the mean in M2. Furthermore,

the estimates of cloze scores and participants’ L1 overlapped extensively, and the

posterior distribution of the two parameters highly correlated (Figure 4.8). All of

this indicated that cloze scores and participants’ L1 did not contribute independent

information. In addition to parameter estimates, I compared the two models using

a Bayes factor (BF), which is a ratio of marginal likelihoods of M1 over M2. With

the two marginal likelihoods being compared, BF tells us which of these two models

was more likely to have produced the data we observed (Rouder, Speckman, Sun,

Morey, & Iverson, 2009). In this example, a high BF value indicates that M1 is more

likely than M2. By convention, a BF value between 3 and 10 offers weak evidence in

favor of a model in the numerator while a value between 10 and 30 constitutes strong

evidence for that said model. Nonetheless, because BF can vary rather dramatically as

priors change (see, e.g., Rouder et al., 2009), Vasishth, Nicenboim, Beckman, Li, and

Kong (2018) recommend that it be calculated with different prior distributions for the

model parameters in order to assess whether the same model is favored. The BFM1:M2

value was 7.82, showing evidence in favor of the model predicting the log-odds solely

from cloze scores. Put differently, the BF values stated that M1 was approximately

8 times as likely as M2 to have predicted (or produced) the observed data, thereby

making a case for using M1 to draw inference. With all of the above information, the

predictor Group was dropped from further analysis.
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Figure 4.8 Correlation between participants’ L1 and cloze in a model with both
predictors
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Now that the BFs are discussed, we can inspect the bottom row of Table 4.4.

The BF values showed that a model predicting the log-odds from participants’ cloze

test scores (M1) was favored above the one with cloze and proficiency scores (M2),

irrespective of prior distributions. As Vasishth et al. (2018) document, BF values in

favor of M1 changed, ranging from 1.21 to 5.14 while parameter estimates rarely did.

This range of BF values means that there was weak to moderate evidence for M1.

Taken together, all of the above information indicated that the most appropriate

model to draw conclusions from was the one that predicted the log-odds of correct

responses solely from participants’ standardized cloze scores.

The mathematical form of the model is as follows:

yij ∼ Bern(θij)

logit(θij) = α + αCon[i] + αID[j] + βTTrialij + (βC + βCon-C)Clozej

α ∼ Normal(0, 3)

(βT, βC) ∼ Normal(0, 3)

αID[j] ∼ Normal(0, σID) αCon

βCon-C

 ∼ MVN

0
0

 , SCon


SCon =

σαCon 0

0 σβCon-C

RCon

σαCon 0

0 σβCon-C


σID ∼ Exponential(1)

(σαCon , σβCon-C) ∼ Exponential(1)

RCon ∼ LKJcorr(2)

The research question four model shares a number of similar elements with the

research question one model, particularly likelihood and priors. In the first line of
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the model, the likelihood is specified such that a response y from test sentencei in

participantj follows the Bernoulli distribution. A logit-link function is placed on the

parameter θij, and the outcome is re-expressed as a linear combination of predictors.

One difference between this and the research question one model is that the outcome

variable is predicted from a continuous-scaled explanatory variable, the standardized

English cloze scores (ClozeScale). Recall that the intercept corresponds to the aver-

age value of the outcome variable (e.g., log-odds) when explanatory variables equal

zero. Nonetheless, zero could be a completely impossible value of a continuous vari-

able, thereby rendering the intercept meaningless. This essentially was the case with

unscaled cloze scores; none of the participants earned a score of zero on the cloze test

(minimum score = 1). Fitting a model with an uncentered version of the tense-aspect

cloze test would have made the intercept uninterpretable. When cloze scores were

centered, they had a mean of zero. Standardizing a variable as was the case with the

tense-aspect cloze test does not affect the mean. This was the primary reason why the

cloze scores were scaled. The intercept, α, thus corresponds to the grand log-odds of

correct responses when standardized cloze scores are at their average value. A score of

zero in the centered version refers to 8.43 points in the uncentered version. As a result,

α represents the log-odds of correct responses in a participant whose cloze score was

8.43 points. In addition to the primary predictor, I incorporated one control variable

into the model, trial order, which was centered before the analysis. The variable refers

to the order of test sentences in a given testing session.

In addition to the constant-effect elements, the model contains the following

varying-effect components: (1) by-participant varying intercept; (2) by-item varying

intercept; and (3) by-item varying slope on the cloze scores. The varying-slope com-

ponent βCon-C allows for the influence of participants’ tense-aspect knowledge to vary

from one test sentence to another. Like all previous models, prior distribution was
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given specifically to each element of the model. α and β were normally distributed

with a mean of zero and SD of three. This prior distribution simply states that before

observing the data, the log-odds of correct responses (α) and the expected change

of log-odds (β) are most likely to fall between −3 and 3 (i.e., M ± 1SD or 68% of

the distribution). In the log-odds scale, this range of values is relatively large, but

a weakly informative prior of this kind is specified to allow for observed variability

of response accuracy of test trials that instantiated the English-analogous encoding.

A Gaussian prior was placed on the by-participant varying intercept with a mean of

zero and a variance component, σID, which was given an Exponential prior with a

rate parameter of one. This form of prior specification makes it possible to express

the by-participant varying intercept as an offset from α, and σID estimated from the

model captures the deviation from the intercept across participants. A multivariate

normal distribution was placed on the by-item varying intercept and slope, and the

variance components of these elements were given the Exponential prior with the rate

parameter of one. The model was fit in R with the following code:

Prior_RQ4 <- c( set_prior("normal(0, 3)", class = "Intercept"),

set_prior("normal(0, 3)", class = "b"),

set_prior("exponential (1)", class = "sd"),

set_prior("lkj(2)", class = "cor") )

RQ4_Pattern <- brm( CorrectAns ~ 1 + TestTrial + ClozeScale + (1| ID) +

(1 + ClozeScale| Construction),

family = bernoulli(link = "logit"),

prior = Prior_RQ4 ,

warmup = 2000, iter = 5000, chain = 4,

data = Pattern2 , seed = 1130,

cores = parallel :: detectCores (),

control = list(adapt_delta = 0.99) )
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Chapter 3 offered information about participants and their linguistic profiles. It

then sketched out the design of the experiment, outlining the rationale for the minia-

ture language and related materials. The present Chapter 4 has provided a detailed

analysis plan for the two main outcome measures elicited by two tests: the word-order

construction test and the predictive dependency test. With this information in mind,

I turn now to Chapter 5 where I report the results of the miniature language-learning

experiment.
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Chapter 5

Results

This chapter reports the findings from the miniature language-learning experiment

with two groups of participants, one English L1 and one Thai L1. To begin, I report

on the results of analyses that were conducted in order to screen participants prior to

undertaking the main analyses that would answer the research questions in the study.

Subsequently, analyses for each of the research questions are presented in separate

sections.

5.1 Screening results

I begin this section by reporting results from the word-order construction test, which

was employed in the experiment as a catch trial. I then present findings from the noun

comprehension check, which assessed lexical learning on each day of the experiment.

Finally, I present the results of the translation task, which occurred in the debriefing

on the final day of the experiment and assessed whether participants were able to

identify the two intended meanings of the stimuli.

5.1.1 Word-order construction test

Recall that there were eight construction test items in each testing session. These

items assessed participants’ knowledge of the SOV construction of the miniature lan-

guage (four per Ln-analogous encoding). Participants were presented with a total
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of 32 items over the course of the experiment. Test performance indicated whether

participants had acquired basic constructional knowledge of the language, which was

deemed necessary to adaptation to tense-aspect encodings of the miniature language.

Participants who failed to exhibit sufficient accuracy on the test (i.e., 65% accuracy

overall) were removed from subsequent analyses.

Overall, accuracy was high, despite the fact that SOV was a new word order for

both participant groups, whose L1s are SVO. The English L1 subjects were 87.5%

accurate (SD = 3.31%) while the Thai L1 counterparts achieved 93.9% accuracy

(SD = 2.39%). The test was further divided into two subtests based on whether the

test items were English-analogous or Thai-analogous encoding. This was to probe if

participants were equally accurate on the same SOV word order embedded in both

English- and Thai-analogous tense-aspect encodings, or if participants would show

language-specific preferences. As evident in Figure 5.1, both groups of participants

performed extremely well on the English-analogous test trials, and both scored higher

on the English-analogous test trials than on the Thai-analogous ones. This difference

reached a significant level for the English L1 group (English-like items, M = 91.1%,

SD = 2.85%; Thai-like items, M = 83.9%, SD = 3.68%), despite a small effect

size, t(53.08) = 2.05, p = 0.045, d = 0.52 (see Plonsky & Oswald, 2014, for field-

specific effect size in L2 research). The same pattern was found for the Thai L1

participants as well: They were more accurate with English-analogous test trials (M

= 96.5%, SD = 1.85%) than Thai-like trials (M = 91.4%, SD = 2.8%), and the

difference was statistically significant, with a similarly small-to-medium effect size,

t(124.31) = 3.53, p < 0.01, d = 0.61. The Thai L1 group thus performed better

than the English L1 group on both Ln-analogous encodings. Further dividing the

Thai L1 subjects into those with higher and lower English proficiency, as reported in

Section 3.1, did not change the attested pattern of word-order accuracy. Both Thai L1
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participants with higher and lower English proficiency were more accurate with the

English-analogous test trials (higher: M = 97.2%, SD = 1.64%; lower: M = 95.6%,

SD = 2.0%) than the Thai-like items (higher: M = 91.2%, SD = 2.84%; lower: M =

91.7%, SD = 2.77%).

The observed accuracy pattern may have been driven in part by the salience of test

items. For instance, to construct English-analogous test sentences from the SOV order,

the second noun and verb were swapped, rendering the SVO order. In this design,

the morpheme stayed in their position. The pairing between noun and morpheme

(e.g., dass-et) was never attested at any point during exposure and thus had TPs of

zero. When participants were presented with this unattested combination during test,

the pair could have been highly salient from an SL standpoint. In fact, previous SL

studies have shown participants’ above-chance performance in discriminating words

or phrases that were part of training items from a jumbled combination of words,

particularly when these attested words or phrases were located at the edge of a phrasal

boundary (Endress & Mehler, 2009; Gómez, 2002; Saffran, Aslin, & Newport, 1996).

Applying the 65% accuracy criterion on the screening word order results as a cut-

off point, only two participants were removed, one per L1 group. Each of these two

subjects failed to score above 65% on all four testing sessions (range = 37.5− 62.5%)

and averaged an accuracy of only approximately 53% and 47% for Thai L1 and English

L1 subjects, respectively. In addition to the two participants, there were 11 English

L1 and 4 Thai L1 participants who did not pass the 65% accuracy level in one or more

sessions. However, none of these participants scored below the 65% threshold for more

than two sessions, and neither of these sessions was the final one. These participants

were thus retained. The final pool of participants retained for the Bayesian multilevel

analysis of the word order test and the rest of the analyses (i.e., noun comprehension,
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predictive dependency test, and translation) consisted of 30 English L1 and 66 Thai

L1 subjects.

Figure 5.1 Word-order construction test scores

With this information in mind, I fit a model predicting log-odds of correct re-

sponses on the word order test from item- and participant-level predictors (see Sec-

tion 4.2). In the intercept-only model, the estimate for σ indicated dispersion from

the average log-odds. As evident in Figure 5.2b, the σCon estimate for test sentences

was slightly more scattered than σID for participants although σID had a substan-

tially taller peak. Average log-odds thus varied substantially more across sentences
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Table 5.1 Parameter estimates in the intercept-only model of word order test

Parameters
Estimates

Mean SD 95% CrI Eff samples R̂

α 3.23 0.25 [2.77, 3.74] 5425 1.0
σCon 1.07 0.19 [0.76, 1.50] 4875 1.0
σID 0.91 0.13 [0.69, 1.18] 5649 1.0

than across participants. The estimates thus complemented Figure 5.1 where the dif-

ference in correct responses between the two encodings was clearly pronounced. ICC

values for σID and σCon were 0.20 and 0.26, respectively. In other words, 26% of the

variation in the estimate of log-odds was attributable to between-item differences,

whereas 20%, between-participant differences. Observe that the 95% credible interval

for σCon was larger. Given the data, the average log-odds of correct responses were

estimated at 3.23. This means that the odds of answering a word-order test question

correctly were 25.3 to 1. Equivalently, there was approximately 96% chance of getting

the question right. R̂ of 1 indicated the model had converged, and the effective sample

size was above the 2,000 samples.

Since there was no a priori hypothesis for how an outcome variable (i.e. log-odds

of correct responses) was related to a set of predictor variables for the word-order

construction test, several models were fit and the one that had better prediction ac-

curacy was used to draw inference on the expected log-odds, given the data. Recall

that prediction accuracy is indicated by smaller Leave-One-Out Information Crite-

rion (LOO-IC) or conversely larger expected log predictive density (ELPD). Table 5.2

shows the difference in ELPD between the models. The model in the first row, Model

1.4, had the largest ELPD among the models (−680.8, SE = 32.9) and the smallest
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(a) Posterior of α, the average log-odds (b) Posterior of standard deviations

Figure 5.2 Posterior distributions of parameter values of the intercept-only model
of word order test

LOO-IC (1361.6, SE = 56.8). The difference in SE between Model 1.4 and others was

also larger than 2. Additionally, the expected number of effective parameters in the

model (117.4, SE = 7.3) was smaller than the actual number of parameters estimated

(569 parameters), suggesting that a model 1.4 was well specified. This was also the

case with all other models. When compared with the intercept-only model, the model

1.4 had a higher ELPD (ELPD difference = −9.5, SE = 5.8). In the model 1.4, there

were two item-level predictors, TestLang and Day, and one participant-level predictor,

Group, with no interaction term. The model contained subject-specific varying inter-

cepts and slopes for test language condition and session; and item-specific varying

intercepts and slopes for participants’ L1. With no interaction between predictors,

estimate for each of the parameters indicates the expected change in log-odds for

every unit increase in the predictor.
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Table 5.2 Model comparison with Bayesian LOO-CV

Models ELPD difference SE of difference

1.4 0.000 0.000
1.5 -1.447 2.983
1.3 -6.908 3.797
1.2 -8.584 4.385
1.1 -9.572 5.609

After the model with the highest prediction accuracy was re-fit and before the

inference was drawn, convergence was assessed. A trace plot demonstrates which

values the chain explored over time, and the shape of it can informally indicate con-

vergence of the Markov Chain. Figure 5.3 plots values generated from the Markov

Chain against iteration numbers, without the warmup iterations, for each of the six

constant-effects parameters, namely the intercept [α], group [βG], test language [βT ]

and three contrasts of testing sessions [βD1, βD2, and βD3]. To look for a sign of con-

vergence, a trace plot should show no long-term upward or downward trends of the

chain. It should also show small fluctuations around a parameter value, which in turn

indicated the chain reached a stationary distribution. This was evident in the trace

plots of each parameter; each chain moved about within a relatively small range and

landed roughly on the same average value. The Gelman-Rubin diagnostic R̂ (Gelman

& Rubin, 1992), which compares variance within and between chains for the six pa-

rameters shown in the trace plots also indicated convergence (all values of Potential

scale reduction factors = 1).

In addition to convergence, autocorrelation diminished substantially and was close

to zero by lag 5, except the parameter Day3, as shown in Figure 5.4. Recall that
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Figure 5.3 Trace plots of constant-effect parameters of the best-fitting model (model
1.4) of word order test
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autocorrelation measures the dependence of the current value of the chain on the

previous ones (or lags) and ranges from −1 to 1. Autocorrelation of a chain near zero

indicates that parameter values provide independent information about the posterior

distribution (Kruschke, 2015).

This diagnostic suggests that the chain converged, which in turn gave us confidence

that simulated samples approximated the posterior distribution. Furthermore, the low

autocorrelation suggests independent draws from the posterior. With that in mind,

I now turn to parameter estimates to better understand how the three predictors

independently affected the log-odds of correct responses.

Table 5.3 presents estimates of the model along with their 95% credible intervals

(CrI). With contrast- and Helmert-coding, the intercept became the expected log-

odds of correct responses when the predictors were zero, which in this instance was

an average value. Thus the log-odds of a generic person (neither English L1 nor Thai

L1) answering a generic test question correctly was 3.35, which translated to the

odds of 28.5. The log-odds increased by 0.50 when test sentences had the English-

analogous encoding, which mirrored the proportion of correct responses reported in

the descriptive statistics. The average log-odds of correctly responding to test items

with the English-analogous encoding was 3.85 with the 95% CrI between 3.32 and

4.42. Conversely, the average log-odds for Thai-analogous encoding was 2.84 with 95%

CrI = [2.36, 3.33]. It is possible to go beyond the point estimates which the model

provided in Table 5.3, given the data, since we have access to the 12,000 draws that

approximated the posterior distribution of each parameter. This posterior distribution

is the distribution of parameter values along with their plausibility. Therefore, if most

of the distribution mass is above zero, it indicates that a predictor always improved

the log-odds. This is what we observed when test items had the English-analogous
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Figure 5.4 Autocorrelation plots of parameters in chain 1
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encoding; 99.9% of the distribution was above zero (see the p(µ) > 0) column in

Table 5.3).

Moving down the rows, we can see that the log-odds of correct responses decreased

when a participant belonged to the English L1 group (the average log-odds of an

English L1 participant = 2.90, 95% CrI = [2.39, 3.44]; Thai L1’s average = 3.79,

95% CrI = [3.33, 4.31]). The three estimates for testing sessions were all positive,

indicating that as participants received more training in the miniature language, the

log-odds of correct responses increased. However, this increase in the expected log-

odds was highest in the first contrast (i.e., the average of sessions 1 and 2 minus that

of session 1) with the 99.8% of the distribution above zero. Furthermore, none of the

95% credible intervals of the parameter estimates overlapped with zero. Figure 5.5

plots the posterior distribution of the six parameter estimates, providing a visual

confirmation that the expected change in log-odds was rarely equal to zero.

To summarize, participants’ propensity to correctly answer a word-order construc-

tion test was high. The parameter estimates of the model confirmed the pattern ob-

served in descriptive statistics: Irrespective of their L1, participants performed more

accurately with test items that instantiated the English-analogous encoding. Both

the descriptive statistics and the Bayesian multilevel logistic regression show that

participants had relatively little trouble mastering the basic SOV word order of the

miniature language.

5.1.2 Noun comprehension

Participants completed a noun test twice, with one test session per day, as an effort to

test (and refresh) lexical learning required for tense-aspect learning (as well as word

order learning). The test consisted of six multiple-choice questions: Participants had

to achieve 100% accuracy on noun comprehension before they were able to proceed to
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Figure 5.5 Posterior distributions of parameter values of the best-fitting model of
word-order test
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Table 5.3 Parameter estimates of the word-order test model

Parameters
Estimates

Mean SD 95% CrI p(µ) > 0 Eff samples R̂

Intercept 3.35 0.22 [2.94, 3.82] 1.000 4908 1.0
Test: ENG 0.50 0.15 [0.20, 0.81] 0.999 7630 1.0
L1: ENG -0.45 0.14 [-0.72, -0.18] 0.001 7029 1.0
Day: Contrast 1 0.61 0.21 [0.20, 1.04] 0.998 6299 1.0
Day: Contrast 2 0.31 0.13 [0.06, 0.57] 0.991 7116 1.0
Day: Contrast 3 0.35 0.13 [0.13, 0.63] 0.999 4610 1.0

the sentence exposure phase, otherwise the six questions were repeated. The results

reported in this section thus focus on how many repetitions participants took to

achieve a perfect level of accuracy.

Most participants completed the noun test in one single repetition on both days.

Figure 5.6a and Figure 5.6b plot a histogram of repetitions (on an x axis) by day of

training. On the first day, approximately 78% (n = 25 out of 30) and 67% (n = 44

out of 66) of the English L1 and Thai L1 participants respectively answered the six

vocabulary questions correctly in the first repetition. Nine percent and 20% of the

English L1 and Thai L1 participants, respectively, did so in the second repetition.

At the extreme end, there was only one participant from the Thai L1 group who

after the sixth repetition managed to answer all the six questions correctly. There

was no significant difference between observed and expected frequencies on the first

day, X2(4) = 3.36, p = 0.49, Cramer’s V = 0.01. On the second day of training,

the proportion of participants who completed the vocabulary test in one repetition

was even higher: 93% and 95% of the English L1 and Thai L1 subjects, respectively.
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(a) Day 1 (b) Day 2

Figure 5.6 Histogram of noun comprehension test repetitions

Again, there was no significant difference between observed and expected frequencies,

X2(1) = 0.19, p > 0.999, V = 0.01.

A fewer number of repetitions on each day and a drop in the number of repetitions

from the first to the second day suggest that participants were able to learn vocabulary

at a relatively fast pace. It is also evident that by the second day roughly the same

proportion of participants from the two L1 backgrounds mastered the vocabulary of

the miniature language.

5.1.3 Translation task during debriefing

During debriefing, participants were queried about the meaning of the stimuli, and

their translation indicated whether they were able to identify the two intended mean-

ings of the stimuli. As evident in Table 5.4, approximately half of the Thai L1 partic-

ipants were not able to distinguish the completion and continuation meanings. When
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Table 5.4 Crosstab of meaning understanding by linguistic profiles

Group
Understanding of meaning
0 (%) 1 (%) 2 (%)

English L1 9 (30) 4 (13.3) 17 (56.7)
Thai L1 (higher English) 19 (55.9) 2 (5.8) 13 (38.2)
Thai L1 (weaker English) 17 (53.1) 7 (21.9) 8 (25)

these participants with a score of 0 were removed, there remained 21 (70%) English

L1 participants and 30 (45.5%) Thai L1 participants who could be said to have un-

derstood the meanings of the target structures. While this sample size was definitely

smaller than the original sample, it still exceeded the necessary sample identified from

the power analysis (see Section 3.2), making it possible to pursue follow-up analyses

for this subset of participants who on the debriefing questions demonstrated learning

of the form-meaning mappings targeted in the experiment. Any tense-aspect system,

including the one in this miniature language, carries meaning. Failing to grasp the

meanings underlying the miniature language stimuli might have prevented learners of

the miniature language to adapt to one or both Ln-analogous encodings. Therefore,

for each research question posed for the predictive dependency test performance, I ran

the analyses once with all participants and again only with the subset of participants

who could be shown to have understood the tense-aspect meanings of continuation

and completion of the miniature language (see Section 3.3).

5.2 Main results: Predictive dependency test

In predictive dependency test trials, participants selected the most appropriate pic-

ture described by a miniature-language sentence. In each of the four testing sessions,
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participants were exposed to eight predictive dependency test items. Four were items

that instantiated an English-analogous tense-aspect encoding whereas the other four,

a Thai-analogous encoding. Over the course of the experiment, participants completed

a total of 32 predictive dependency test questions (16 per Ln-analogous encoding).

Test performance thus provided behavioral evidence of adaptation to the two encod-

ings. Recall that two participants were eliminated due to their low performance on

the word-order construction test (one per L1 group). The results reported in this

section come from 96 participants for a total of 3,072 data points (32 questions × 96

participants).

5.2.1 Descriptive statistics

Descriptive statistics are provided in Table 5.5, which contrasts test performance of

English L1 participants with that of Thai L1 participants. Two important facts are

clearly evident in the table.

First, at the group-level, participants from both backgrounds showed an improve-

ment in their test performance over the four sets of test trials in both English- and

Thai-analogous encodings. The English L1 group performed better on test trials as-

sessing the English-analogous encoding on the first day, which suggests initial faster

adaptation to the English-analogous tense-aspect encoding of the miniature language.

This favorable adaptation effect dissipated in the third and final testing sessions on

the second day of the experiment. In contrast, the Thai L1 participants performed

similarly on the two sets of test trials in the first testing session, and they gradually

adapted to the Thai-analogous encoding and performed better on Thai-analogous

items throughout the experiment.

Second, standard deviations were large, suggesting that test performance was

highly variable. While the issue of variability in SL abilities is not uncommon (e.g.,
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Table 5.5 Proportions of correct responses by subject’s L1

Sessions
Group

English L1 Thai L1
English1 Thai English Thai

1.1 0.58 (.49 ) 0.49 (.50 ) 0.56 (.50 ) 0.57 (.50 )
1.2 0.67 (.47 ) 0.58 (.50 ) 0.56 (.50 ) 0.62 (.49 )
2.1 0.70 (.46 ) 0.67 (.47 ) 0.58 (.50 ) 0.67 (.47 )
2.2 0.69 (.46 ) 0.69 (.46 ) 0.71 (.46 ) 0.77 (.43 )

1 English refers to English-analogous tense-aspect test trials
while Thai, Thai-analogous test trials; Standard deviation is
given inside a parenthesis.

Siegelman et al., 2017), it is all too often not adequately addressed in SL studies. The

same can be said about previous studies that investigated language comprehenders’

adaptation to experiment-specific linguistic structures. Any argument that partici-

pants showed better adaptation to their Ln-analogous tense-aspect encoding, when

drawn from an interpretation of the means alone, should be critically examined. The

variability found in the data also suggests that different adaptation could have been

driven by other factors beyond participants’ L1. One source of information available

in the present study (for the Thai L1 group) is in the form of participants’ English

language proficiency.

Table 5.6 and Figure 5.7 present participants’ test scores over the course of the

experiment. The Thai L1 participants were divided into those with lower English

L2 proficiency (i.e., more functionally monolingual; n = 33) and those with higher

English L2 proficiency (i.e., more functionally bilingual; n = 34) using the median cut-

off value discussed in Section 3.10. Note that in Figure 5.7, the error bars represent
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the standard error of the mean. As evident in Figure 5.7, once divided by English L2

proficiency, the two Thai L1 group showed a markedly different pattern of adaptation.

Participants with better English proficiency, who were more functionally bilingual,

simultaneously adapted to the two Ln-analogous tense-aspect encodings. The group

with a weaker proficiency, in contrast, demonstrated faster adaptation to the Thai-

analogous tense-aspect encoding while their performance on English-analogous test

trials grew more slowly. It is important to note that across the three linguistic profiles

of participants, performance on the final testing session was on par with one another.

In other words, learning outcomes were unaffected by L1 background or L2 proficiency,

but the trajectory of adaptation was affected by both.

It is worth inspecting Figure 5.7 (on the predictive dependency test) in compari-

son to Figure 5.1 (on the word order test). Earlier, we saw that the English L1 and

the Thai L1 groups were able to distinguish the correct word order of the construction

from an incorrect one with high accuracy. Moreover, both groups performed better

with the English-analogous trials, perhaps due to the salience of test items which

instantiated the English-analogous encoding. In other words, there was no interac-

tion between participants’ L1 and Ln-analogous encoding of the test items; this fact

was further supported by the second model reported in the word-order construction

test results. The opposite pattern emerged when we consider predictive dependency

trials: participants’ L1 interacted with Ln-analogous encoding, as shown by the dif-

fering patterns between the English L1 group and the Thai L1 group. Specifically, the

English L1 group achieved higher accuracy on the English-analogous tense-aspect en-

coding on the first day, but the accuracy of the Thai-analogous encoding caught up on

the second day. In contrast, the Thai L1 participants with lower English proficiency

initially showed almost equal performance on both sets of items but adapted to the

Thai-analogous encoding, becoming more accurate on the Thai-like items than the
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Table 5.6 Proportions of correct responses by linguistic profiles

Sessions
Group

English L1 Thai L1 (higher English) Thai L1 (weaker English)
English Thai English Thai English Thai

1.1 0.58 (.49 ) 0.49 (.50 ) 0.54 (.50 ) 0.58 (.50 ) 0.58 (.50 ) 0.55 (.50 )
1.2 0.67 (.47 ) 0.58 (.50 ) 0.57 (.50 ) 0.62 (.49 ) 0.55 (.50 ) 0.62 (.49 )
2.1 0.70 (.46 ) 0.67 (.47 ) 0.63 (.48 ) 0.69 (.46 ) 0.52 (.50 ) 0.64 (.48 )
2.2 0.69 (.46 ) 0.69 (.46 ) 0.72 (.45 ) 0.73 (.45 ) 0.69 (.47 ) 0.80 (.40 )

English-like items throughout the experiment. The Thai L1 participants with higher

English proficiency were slightly more accurate with the Thai-analogous encoding

but, by the end of the experiment, achieved a similar level of accuracy.

It will be remembered from Section 5.1.3 that a subset of 21 English L1 partici-

pants and 30 Thai L1 participants could be said to have understood the meaning of

the target structures. Of the Thai participants, 15 belonged to the higher English pro-

ficiency group and 15 to the lower proficiency group. Figure 5.8 presents descriptive

statistics of predictive dependency test performance for the subset of data with par-

ticipants who reported having some understanding of the stimuli. It can be seen that

the pattern of adaptation in the English L1 participants did not substantially change

after eliminating those who did not distinguish the two meanings of the stimuli. How-

ever, the Thai L1 participants with higher English proficiency were equally accurate

with both Ln-analogous encodings and showed a similar level of adaptation to the

two encodings throughout the four testing sessions. While the Thai L1 participants

with lower English proficiency still adapted better to the Thai-analogous tense-aspect

encoding in the test items, their level of adaptation to the English-analogous encod-

ing was different than when the full lower-proficiency group had been inspected (cf.
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Figure 5.7 Predictive dependency test scores as a function of testing sessions
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Figure 5.7). Specifically, there was a slight increase in the accuracy level from the

second to the third testing session, which is opposite to a decrease reported in the

full Thai L1 with lower English proficiency dataset.

5.2.2 Intercept-only model assessing by-subject and by-item variation

The descriptive statistics presented thus far summarize response accuracy on predic-

tive dependency test from both groups of participants and point to divergent patterns

of adaptation between English L1 and Thai L1 subjects. The Bayesian data analysis

presented in this section —it is worth recalling again— provides a means to estimate

a parameter in mathematical descriptions that explains the data. In this analysis,

the parameter of interest denotes participants’ propensity to respond accurately to a

predictive dependency test item and is on a logit scale. In short, it is the logarithm

of the odds (log-odds) that the model estimates given the data.

Following the steps taken to analyze the word-order construction test, I first fit

the varying intercepts model to assess the extent to which variation in the model was

attributable to test sentences and participants. Table 5.7 shows the estimate for the

parameters along with the 95% credible intervals. The intercept, the average log-odds,

was 0.66. In other words, the odds of answering a test item correctly for a generic

individual and item in the intercept-only model was 1.93:1. In addition to summary

statistics from the model, because MCMC algorithms approximate a posterior dis-

tribution of a parameter (i.e., α), it is possible to go beyond a central tendency and

conduct inferences on the distribution. As shown in Figure 5.9a, 100% of the distribu-

tion was above 0, meaning that given the data the log-odds of zero was impossible. It

can be seen that 51% of the distribution was above the mean (0.66) and 49% below it.

In Figure 5.9b while σID had a taller peak, σCon was more disperse and had a higher

mean. Recall that the two parameters, αCon and αID, capture deviation from α, the
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Figure 5.8 Predictive dependency test scores of participants who reported knowing
the meaning of the stimuli
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Table 5.7 Parameter estimates in the intercept-only model of predictive dependency
test

Parameters
Estimates

Mean SD 95% CrI p(µ) > 0 Bulk Tail R̂

α 0.66 0.18 [0.31, 1.01] 1 1411 2853 1.0
σCon 0.90 0.13 [0.69, 1.19] 1 2452 4490 1.0
σID 0.63 0.07 [0.50, 0.78] 1 4692 7482 1.0

grand intercept. Consequently, a larger standard deviation indicated that log-odds

differed substantially from one test sentence to another. This is also the case with

participants, albeit to a lesser extent. A more disperse standard deviation of αCon sug-

gests the contribution of item-level information (e.g., Ln-analogous encodings, testing

session, etc.), providing a strong motivation for further analyses that investigate the

influences of item-level predictors, along with participant-level ones, on the log-odds of

answering correctly. In terms of convergence diagnostics, trace plots (see Figure 5.10)

show that the chains reached a stationary part, and R̂ values of 1 also indicated that

the chains converged.

5.2.3 Research question 1: Interaction between participants’ first

language and test sentences

The first research question asked whether participants were more accurate with test

items that instantiated their L1-analogous tense-aspect encoding. However, prior to

answering this question, I present a comparison of three models that differed in their

prior distributions, assessing how the choices of priors might have affected parame-

ter estimates. The model predicting response accuracy from the two predictors and
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(a) Posterior of α, the average log-odds (b) Posterior of the two standard deviations

Figure 5.9 Posterior distributions of parameter values of the intercept-only model
of predictive dependency test

their cross-level interaction was run, each time with a different prior on the intercept

and coefficients. Specifically, the three priors were: Normal(0, 1), Normal(0, 3), and

Normal(0, 5). The varying-effect components were given the same prior across the

three runs.

In terms of prediction accuracy, Normal(0, 1) had the smallest LOO-IC along with

the largest model weight among the three models (see Table 5.8). Nevertheless, LOO-

IC and standard errors of the three models did not differ drastically from one another:

Normal(0, 1) LOO-IC = 3546.1, SE = 48.8; Normal(0, 3) LOO-IC = 3546.9, SE =

48.9; and Normal(0, 5) LOO-IC = 3547.2, SE = 48.9. As the three had indistin-

guishable out-of-sample prediction accuracy, it can be said that no single model was

superior. In addition to prediction accuracy, posterior mean estimates of all parame-
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Figure 5.10 Trace plots of parameters of the intercept-only model of predictive
dependency test
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Table 5.8 Comparison of models with different sets of priors for the intercept and
coefficients

Models ELPD difference SE of difference Model weight

Normal(0,1) 0.000 0.000 0.438
Normal(0,3) -0.368 0.132 0.303
Normal(0,5) -0.522 0.133 0.260

Table 5.9 Parameter estimates of the three models fit to answer the research question
one

Parameters
Normal(0, 1) Normal(0, 3) Normal(0, 5)

Mean (SD) 95% CrI Mean (SD) 95% CrI Mean (SD) 95% CrI

Intercept .66 (.18 ) [.29, 1.0] .68 (.19 ) [.31, 1.05] .67 (.19 ) [.31, 1.03]
L1: ENG .03 (.09 ) [-.14, .21] .03 (.09 ) [-.14, .21] .03 (.09 ) [-.14, .20]
Test: ENG .05 (.17 ) [-.27, .40] .06 (.18 ) [-.29, .41] .05 (.17 ) [-.28, .39]
Test × L1 .14 (.05 ) [.04, .24] .14 (.05 ) [.04, .24] .14 (.05 ) [.04, .24]

ters except the intercept differed only in the third decimal point (see Table 5.9). The

95% credible intervals of the estimates were highly similar across the three models.

This similarity is depicted in Figure 5.11, where the priors (dashed lines) were plotted

along with the posteriors (solid lines). The posterior distributions encompassed the

same range of values despite differences in the spread of prior distributions (refer back

to Figure 4.2a). Priors in the Normal(0, 5) column might not be visible as the pos-

teriors had an extremely tall peak. This reflects one important point about Bayesian

data analysis: When priors are diffuse, posteriors will come to resemble likelihoods

and assign higher plausibility to parameter values that are more consistent with the

data.
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Figure 5.11 Comparison of models with different sets of priors and their effect on
the posteriors
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Despite the fact that the Normal(0, 1) model was the best-fitting one among the

three, I calculated summary statistics from the Normal(0, 3) model. This was done in

order to make the prior distribution on α and β the same for the research question

one and question four models. Trace plots suggested that for each constant-effect

components of the model the chains reached a stationary part as there was no apparent

upward or downward trajectory. Furthermore, the chains explored the same range

of values, which in turn indicated that they mixed together (see Figure 5.12). R̂

values of 1 provided additional information that the chain converged. Autocorrelation,

nonetheless, did not diminish until lag 10 for the intercept (acf = 0.018) and Test:

ENG (acf = 0.044) which resulted in substantially smaller effective numbers for both

parameters (see Figure 5.13).

Research question one asked whether participants were more accurate with test

items that instantiated their L1-analogous tense-aspect encoding. To paraphrase, the

question asked whether the interaction between participants’ L1 and Ln-analogous

encoding of test items improved the log-odds. Table 5.10 presents parameter esti-

mates of the research question one model, each of which is discussed in the following

paragraphs.

The first marginal effect concerns participants’ L1. The model compared the log-

odds of English L1 participants to the grand log-odds. When Ln-analogous encodings

were at their average value of zero, the log-odds of correct responses improved slightly

for a participant who had English as an L1. The posterior mean estimate of the

improvement of the log-odds was 0.03 (SD = 0.09). However, SD was larger than the

mean, indicating that the data spread out widely. The 95% credible intervals contained

zero, and approximately 37% of the distribution fell below it. Thus, a negative change

in the log-odds when the L1 became English was also possible. The item-specific

varying-slope component, σL1:ENG, was estimated at 0.07 (SD = 0.05). This indicated
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Figure 5.12 Trace plots of parameters of the research question one model
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Figure 5.13 Autocorrelation plots of constant-effect parameters in chain 1
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Table 5.10 Parameter estimates for the research question one

Parameters
Estimates

Mean SD 95% CrI p(µ) > 0 Bulk Tail R̂

Intercept 0.68 0.19 [0.31, 1.04] 0.999 2458 3511 1.0
L1: ENG 0.03 0.09 [-0.14, 0.21] 0.626 4817 7340 1.0
Test: ENG 0.05 0.17 [-0.28, 0.40] 0.612 2166 4321 1.0
Test × L1 0.14 0.05 [0.04, 0.25] 0.998 11481 8659 1.0
Test trial -0.01 0.02 [-0.04, 0.03] 0.363 16333 8508 1.0
σID 0.64 0.08 [0.49, 0.80] 1.000 3049 2905 1.0
σCon 0.93 0.14 [0.70, 1.25] 1.000 2945 5673 1.0
σL1: ENG 0.07 0.05 [0.0, 0.19] 1.000 5529 5483 1.0
σTest: ENG 0.08 0.06 [0.0, 0.21] 1.000 4015 5173 1.0
σENG:Test-EN 0.20 0.14 [0.01, 0.51] 1.000 1518 2180 1.0
σENG:Test-TH 0.14 0.11 [0.01, 0.41] 1.000 1913 1790 1.0

that the expected change in the log-odds due to participants’ L1 being English varied

from one test sentence to another (compare βL1:ENG = 0.03 and σL1:ENG = 0.07).

To inspect such variation further, the constant- and varying-effect components (i.e.,

βL1:ENG + βCon-L1) were summed. Figure 5.14 visually presents the expected change

in the log-odds by test sentences. Because the posterior mean estimate of the constant-

effect was close to zero (i.e., 0.03) to begin with, adding the varying-slope component

to βL1:ENG did not change the overall pattern drastically. However, we can see that the

extent to which the credible intervals overlapped with zero differed somewhat across

test sentences. Of the first ten test sentences, six instantiated the English-analogous

encoding. This indicated, albeit weakly, that for English L1 participants test sentences

that made use of predictive dependencies like those of their L1 generated a slightly

more positive improvement on their response accuracy.
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Figure 5.14 Influence of participants’ L1 on the log-odds by test sentences
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To further investigate the influence of participants’ L1 on the log-odds of cor-

rect responses, I calculated the estimated log-odds of an English L1 and a Thai L1

participant, averaging across the Ln-analogous encodings, by using the posterior dis-

tribution of the two parameters, the intercept and L1:ENG. Because in Bayesian

data analysis a posterior distribution gives us a full range of parameter values (e.g.,

Kruschke & Liddell, 2018b), it is possible to obtain a distribution of the estimated

log-odds of a subject in each L1 group (i.e., by summing each pair of the poste-

rior samples of the intercept and βG·Groupj). These estimates, however, represent

group-level changes for individuals across groups with similar baseline propensities to

respond. Figure 5.15a presents the estimated log-odds by L1. An English L1 subject

had an estimated log-odds of 0.71 (SD = 0.22, 95% CrI = [0.28, 1.14]) while a Thai

L1 participant’s estimated log-odds were 0.65 (SD = 0.19, 95% CrI = [0.29, 1.04]).

This shows that overall an English L1 participant had higher log-odds than a Thai

L1 participant. In terms of probability, however, a participant from the English L1

background had an almost identical probability of answering a test item correctly to

a participant from the Thai L1 background: 0.67 and 0.66, respectively.

The second marginal effect concerns Ln-analogous encodings of test items, and the

model compared the log-odds of test items that instantiated the English-analogous en-

coding to the grand log-odds. The posterior mean estimate was positive. To interpret,

when participants’ L1 was at its average value, the English-analogous encoding in test

items improved the log-odds by 0.05 (SD = 0.17). However, the SD was three times

as large as the posterior mean, and the 95% CrI covered an extremely wide range of

values, ranging from −0.27 to 0.40. This means that the English-analogous encoding

could positively affect the log-odds by improving it as much as 0.40 point or conversely

decrease the log-odds as much as 0.27 point. In other words, the estimate shows the

uncertainty in the influence of Ln-analogous encodings on response accuracy. The esti-
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mate of participant-specific varying-slope component σTest:EN (M = 0.08, SD = 0.06),

which captured variation of the influence of Ln-analogous encodings across 96 par-

ticipants, additionally showed that the expected change in the log-odds as a result of

the English-analogous encoding varied substantially across the 96 participants (e.g.,

0.05 ± 0.08). To contextualize the effect of each of the Ln-analogous encodings on

the log-odds, density plots of the log-odds by Ln-analogous encodings appear in Fig-

ure 5.15b. The estimated log-odds were 0.73 (SD = 0.26, 95% CrI = [0.23, 1.25]) and

0.63 (SD = 0.25, 95% CrI = [0.14, 1.13]) for English- and Thai-analogous encodings,

respectively.

The primary focus of the first research question was the interaction effect be-

tween TestLang and Group, and there was one contrast the model estimated:

Test:ENG×L1:ENG. The posterior mean estimate of the contrast was 0.14 (SD =

0.05). There was a .998 probability that the parameter was greater than zero. For

an interaction term, a parameter estimate can have two interpretations. First, it is

the expected change in the influence of the predictor A on the outcome variable

when the predictor B increases by one unit. Second, it is the expected change in

the influence of the predictor B on the outcome when the predictor A goes up by

one unit (McElreath, 2016). In the current model, the posterior mean estimate of

0.14 means that the influence of English as an L1 on the log-odds increased by 0.14

units when a test item instantiated the English-analogous encoding. Conversely, the

estimate says that the influence of English-analogous encoding on the log-odds went

up by 0.14 units when a participant had English as his/her L1. Using a contrast

matrix in Table 4.2, I calculated the estimated log-odds per Ln-analogous encoding

and participants’ L1. Figure 5.16 presents the density plots of the interaction effect.

For an English L1 participant, the estimated log-odds of correctly answering test

trials with the English- and Thai-analogous encodings were 0.90 (SD = 0.30, 95%
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(a) (b)

Figure 5.15 Marginal effects of L1 and tense-aspect patterns of the research question
one model

CrI = [0.33, 1.45]) and 0.55 (SD = 0.26, 95% CrI = [0.01, 1.03]), respectively. The

estimated log-odds of answering English- and Thai-analogous encodings correctly in

a Thai L1 subject were 0.51 (SD = 0.28, 95% CrI = [−0.02, 1.05]) and 0.74 (SD

= 0.26, 95% CrI = [0.22, 1.22]). Furthermore, more than 96% of the distribution

of the expected log-odds fell above zero. To the extent that adaptation was evident

in the present miniature language-learning experiment, such adaptation was more

favorably toward the tense-aspect encoding that made use of the same set of predictive

dependencies in participants’ L1.

Smaller dataset

Any tense-aspect system, including the one in this miniature language, carries mean-

ing. Failing to grasp the meaning underlying the miniature language stimuli might
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Figure 5.16 Density plots of the interaction between participants’ L1 and tense-
aspect encodings of the research question one model
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have prevented learners of the miniature language to adapt to one or both Ln-

analogous encodings. As a result, I re-ran the analysis with participants who were

able to provided target-like translation of the stimuli (i.e., those who received a trans-

lation score of 1 or 2 on the translation task during debriefing; see Section 3.10 for

scoring). As mentioned, this subset of data consisted of 21 (or 70% of the total 30)

English L1 participants and 30 (or 45.5% of the total 66) Thai L1 participants (see

Table 5.4). The posterior mean estimate for the interaction was larger (M = 0.20, SD

= 0.08). Furthermore, the 95% CrI was more positive, ranging from 0.05 to 0.36. One

difference between the model of the smaller dataset and the previous one was that

the posterior mean estimate for an L1 became negative (M = −0.05, SD = 0.14),

indicating that an English L1 subject who comprehended the meaning had smaller

log-odds than the average. On the opposite side, this meant that the expected log-

odds of correct responses would become larger when a participant had Thai as his/her

L1. Such a pattern was observed in Figure 5.8. While the posterior mean estimates

of the two main effects changed somewhat, that of the interaction still offered the

same evidence, given the data. One interpretation of the interaction effect is that the

influence of English-analogous encoding on the log-odds went up by 0.20 units when

a participant had English as his/her L1.

To summarize the answer to the research question one, the hypothesis that overall

participants would become more accurate with test items that instantiated their L1-

analogous tense-aspect encoding was confirmed. This pattern was observed both in

the descriptive statistics and the expected log-odds of correct responses predicted by

a multilevel logistic regression. During initial exposure to a novel language, partici-

pants adapted more favorably to the tense-aspect encoding of the miniature language

that resembled the one in their dominant (L1) language. Before we move on to ad-

dressing other research questions, it must be noted that participants adapted to both
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Table 5.11 Parameter estimates for the research question one (subset of data)

Parameters Estimates
Mean SD 95% CrI p(µ) > 0 Bulk Tail R̂

Intercept 1.0 0.22 [0.56, 1.44] 1 3037 5492 1.0
L1: ENG -0.05 0.14 [-0.32, 0.23] 0.363 5212 6955 1.0
Test: ENG 0.01 0.19 [-0.37, 0.38] 0.529 3080 5039 1.0
Test × L1 0.20 0.08 [0.05, 0.36] 0.994 13398 9947 1.0
Test trial -0.02 0.03 [-0.07, 0.03] 0.211 2505 4440 1.0
σID 0.80 0.14 [0.56, 1.07] 1.000 1686 776 1.0
σCon 0.98 0.15 [0.72, 1.32] 1.000 3897 6473 1.0
σL1: ENG 0.15 0.10 [0.01, 0.37] 1.000 3203 4226 1.0
σTest: ENG 0.11 0.08 [0.0, 0.30] 1.000 3734 5094 1.0
σENG:Test-EN 0.21 0.17 [0.01, 0.63] 1.000 1502 713 1.0
σENG:Test-TH 0.22 0.17 [0.01, 0.63] 1.000 1287 762 1.0

tense-aspect encodings of the miniature language, as evidenced in the proportion of

correct responses reported in several tables and figures as well as the expected log-

odds above zero. Such adaptation is not a categorical, all-or-nothing phenomenon

whereby participants only adapted to one tense-aspect encoding. Given the kind of

tasks participants were instructed to perform, it is reasonable to think the two tense-

aspect encodings of the miniature language had the same potential for adaptation.

Nonetheless, we observed that participants’ gradual trajectory of adaptation during

the initial stage of exposure to a novel language was driven in part by what they knew

from their dominant language. I will revisit this issue again in the Section 6.1.
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5.2.4 Research questions 2 and 3: Change scores as evidence of adap-

tation

The intercept-only model fit without any explanatory variables was used to obtain

ICC values for each dataset. ICCID values were 0.01 and 0.03 for day 1 and day

2 datasets, respectively. ICC values closer to zero indicated that participants had

a similar pattern of change. These extremely low ICC values were arguably driven

by the fact that there were many zeros in Table 5.12. In this crosstab, a plus sign

indicates an increase in response accuracy (e.g., by 25% or equivalently one more

correct answer), a minus sign tells us that response accuracy decreases (e.g., by −25

or −50%), and zero means no change of response accuracy. In other words, a zero

change occurred when participants answered the same number of items correctly in

both testing sessions. From this crosstab, Table 5.13 presents descriptive statistics of

the average change scores on each day of the experiment.

It should become apparent that change scores indicated an increase or decrease in

correct responses. There are two important caveats about the way in which change

scores were calculated in the present study. By definition, the scores merely expressed

a within-pattern improvement (or lack thereof) at two time points. They were not able

to say how accurate participants from the three linguistic profiles were with respect to

the English- or Thai-analogous encoding at a specific time point. This is an important

distinction that must be spelled out before the results for research questions two and

three are presented. For instance, we saw in the descriptive statistics that on the first

day, the functionally English L1 monolinguals had a higher accuracy on the English-

analogous encoding (see Figure 5.7). It may very well be the case that both English-

and Thai-analogous encodings would have a highly similar rate of change; however,

this does not mean that the functional English L1 monolinguals developed the same
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Table 5.12 Frequency counts of the direction of change to the two tense-aspect
encodings

Background
Day 1 Day 2

English Thai English Thai
- 0 + - 0 + - 0 + - 0 +

Above-median 9 13 12 11 11 12 4 14 16 6 15 13
Below-median 9 17 6 7 11 14 1 13 18 1 17 14
English L1 6 8 16 5 14 11 5 20 6 4 20 6

level of accuracy on the two encodings. That is, rate of change cannot be equated to

absolute level of accuracy.

Second, the within-pattern improvement encapsulated in the change scores pre-

supposed that participants started out being less accurate and gradually improved

as they proceeded through the experiment. The improvement was then hypothesized

to be greater in participants’ L1-analogous encoding. For those who adapted rela-

tively quickly to one or both tense-aspect encodings and maintained their accuracy

throughout the experiment, the way the change scores were defined would not have

been sensitive enough to capture participants’ maintenance of their adaptation. Thus,

for those participants, they would have a zero change.

Now that these two important facts about the definition of the change scores are

foregrounded, I turn now to the Bayesian multilevel analysis in order to probe if the

research hypotheses were borne out.

Before information about parameters can be summarized, I assessed convergence

of the model. A visual inspection in the form of trace plots (see Figure 5.17 and Fig-

ure 5.18) for each of the six constant-effect parameters indicated that the four chains

mixed together and explored the same part of the posterior distribution. Furthermore,
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Table 5.13 Rate of change to the two tense-aspect encodings of the miniature lan-
guage on each day of the experiment

Day Above-median Below-median English L1
English Thai English Thai English Thai

1 3.68 (26.9 ) 3.68 (26.9 ) -3.12 (25.2 ) 6.25 (26.2 ) 9.17 (29 ) 9.17 (25 )
2 8.82 (27.4 ) 3.68 (30.9 ) 16.4 (21.6 ) 16.4 (23.4 ) -0.83 (20.2 ) 2.5 (20.1 )

the chains entered into a stationary stage as indicated by no upward or downward

trajectory. Coupled with R̂ values of 1.0, it is highly likely that the Markov Chain

converged. In addition to convergence, autocorrelation in each chain was low: For the

day 1 dataset, the acf values were ≤ 0.05 by lag 4. As for the day 2 dataset, the acf

values were ≤ 0.02 by lag 3. Figure 5.19 and Figure 5.20 provide an example of auto-

correlation plots of the six parameters in chain one of the day 1 and day 2 datasets,

respectively.

It will be remembered that on the first day of the experiment, participants received

two training sessions and completed two testing sessions. In each test, there were

eight predictive dependency test trials: Four items mimicked the English-analogous

tense-aspect encoding and the other four, the Thai-analogous encoding. For each par-

ticipant, a proportion of correct answers per encoding was used to calculate change

scores. Table 5.14 presents parameter estimates along with information about the

effective number of sample sizes and convergence statistics. What we see in the table

is summary statistics of the posterior samples, notwithstanding the varying effects

of the model (i.e., the by-subject varying intercept αID and varying slopes on the

interaction βTEP). Figure 5.21 complements the summary statistics in the table by

visualizing the posterior samples of the six constant-effect parameters the model es-
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Figure 5.17 Trace plots of parameters of the rate-of-change model (day 1)
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Figure 5.18 Trace plots of parameters of the rate-of-change model (day 2)

237



Figure 5.19 Autocorrelation plots of parameters in chain 1 (day 1)
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Figure 5.20 Autocorrelation plots of parameters in chain 1 (day 2)
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Table 5.14 Parameter estimates of the rate-of-change model in day 1

Parameters Estimates
Estimate SD 95% CrI p(µ) > 0 Bulk Tail R̂

Intercept 4.62 1.79 [1.10, 8.09] 0.995 32614 7572 1.0
Test: ENG -1.14 1.57 [-4.18, 1.92] 0.236 30975 8636 1.0
BG: Above -1.08 1.89 [-4.85, 2.66] 0.281 27129 8618 1.0
BG: Below -2.08 1.90 [-5.78, 1.67] 0.138 26843 8520 1.0
Eng × Above 1.06 1.85 [-2.63, 4.69] 0.715 29225 9714 1.0
Eng × Below -2.21 1.87 [-5.80, 1.49] 0.118 27735 8901 1.0

timated. Except the intercept, the rest of the parameters represents difference in the

estimated change scores. Rather than reporting these parameter estimates, I used

the information obtained from the model to construct a distribution that showed the

influence of parameter(s) on the change. The main effects as well as their interaction

are discussed in the paragraphs below.

The first marginal effect concerns the Ln-analogous encodings, reported in the

second row of Table 5.14. The posterior mean estimate of Test:EN was −1.14% (SD

= 1.57). When linguistic profiles were at their average value (i.e., zero), the English-

analogous encoding reduced the change in response accuracy by 1.14%. In addition to

summary statistics, I used the posterior distribution of the parameter to calculate the

estimated change in response accuracy for each of the two Ln-analogous encodings

(see Figure 5.22a). On the first day, the change associated with the English-analogous

encoding was positive but smaller (M = 3.48%, SD = 2.41, 95% CrI = [−1.15, 8.35])

than the Thai-analogous encoding (M = 5.77%, SD = 2.34, 95% CrI = [0.93, 10.1]).

This means that response accuracy on the English-analogous encoding increased by

a smaller margin. Furthermore, 95% CrI of the effect of English-analogous encoding

240



Figure 5.21 Posterior distribution of constant-effect parameters in day 1
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overlapped with zero, and 7.4% of the distribution fell below it. Given the data, the

model thought a decrease in response accuracy (i.e., negative change) was possible.

The largest negative change the model estimated was −6.14%. As for the effect of

Thai-analogous encoding on the change scores, not only did it lead to a bigger margin

of increase (i.e., 5.77% − 3.48% = 2.28 or equivalently 2 × βT = 2 × −1.14), but its

95% CrI was also above zero. There were only 0.8% of the distribution that fell below

zero, indicating that a decrease in response accuracy on the Thai-analogous encoding

was highly unlikely. As shown in Table 5.13, a bigger margin of change of —faster

adaptation to— the Thai-analogous encoding was due to the fact that the Thai L1

group with lower English proficiency became less accurate on the English-analogous

encoding in the second test than in the first test.

Table 5.14 in conjunction with Figure 5.22a shows the amount of variability that

existed in the estimates. In most cases, SD was as large as or larger than the posterior

mean. Thus, an interpretation of the effect based on the posterior mean estimate alone

would not fully reflect the data, and a conclusion drawn from the mean must be

accompanied by a complete picture of the distribution. Furthermore, this extremely

high variability suggests that the current operationalization of change in response

accuracy may not be sufficiently sensitive. I will address this issue in Chapter 6.

Moving on to the second marginal effect, the linguistic profiles of participants, two

posterior mean estimates were reported in Table 5.14. These correspond to an increase

or decrease in the change scores as a function of participants’ linguistic profile. From

these posterior mean estimates, I calculated the change toward —adaptation to— a

generic pattern in each linguistic profile. It was found that the English L1 participants

had the biggest improvement from the first to second testing sessions of the first day

of the experiment (M = 7.79%, SD = 2.91, 95% CrI = [2.08, 13.52]), followed by the

Thai L1 participants with higher English proficiency (M = 3.54%, SD =, 2.55, 95%
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(a) (b)

Figure 5.22 Marginal effects of the rate-of-change model in day 1

CrI = [−1.55, 8.48]). The Thai L1 subjects with lower English proficiency had the

smallest improvement (M = 2.54%, SD = 2.58, 95% CrI = [−2.43, 7.57]). The range

of credible values, given the data, was broad for all the three groups, indicating high

variability in the adaptation that was not fully accounted for by participants’ lin-

guistic profiles. Furthermore, the English L1 monolinguals were the only group whose

distribution of scores did not contain zero, showing strongest evidence of positive im-

provement. The Thai L1 group with lower English proficiency had the smallest overall

positive change because of the decrease in response accuracy on the English-analogous

encoding on the first day. Previous studies suggest that the impact of bilingualism on

SL is inconclusive. For example, bilinguals do not always perform significantly better
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than monolinguals on SL tasks (e.g., Bulgarelli et al., 2018; Poepsel & Weiss, 2016).

In the context of the present work, the most functionally monolingual group of the

three had the biggest margin of increase in response accuracy on the first day of the

experiment. Having two sets of statistical regularities as hypothesized to be the case

with the Thai L1 group with higher English proficiency did not lead them to show

stronger improvement to a generic tense-aspect encoding of the miniature language

than the two relatively more functionally monolingual groups of English L1 and Thai

L1 with lower English proficiency.

The last two rows of Table 5.14 were posterior mean estimates of the inter-

action between participants’ linguistic profiles and Ln-analogous encodings for the

day 1 dataset. Two contrasts were entered into the model: The first contrast was

above-median×English-analogous, and the second one was below-median×English-

analogous. Membership of the Thai L1 group with lower English proficiency corre-

sponded to a decrease of the influence of English-analogous encoding on the change

scores by 2.21% (SD = 1.87). Despite the fact that the 95% credible intervals con-

tained zero, a majority of the posterior distribution (i.e., 88.2%) of the interaction ef-

fect was below it (see Figure 5.21). This means that the influence of English-analogous

encoding on the scores was almost always negative for the Thai L1 with lower En-

glish proficiency. The opposite effect was observed with the Thai L1 participants

with higher English proficiency. The influence of English-analogous encoding on the

change increased among more proficient Thai-English bilingual participants (M =

1.06, SD = 1.85). Nonetheless, 28% of the posterior distribution of the parameter

fell below zero. This tells us that there was .28 probability that for more proficient

Thai-English bilinguals the influence of English-analogous encoding on the change

scores would decrease.
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Figure 5.23 Estimated rate of change toward the two patterns in day 1. (A) func-
tionally monolingual English L1 group; (B) Thai L1 group with lower English profi-
ciency; and (C) Thai L1 group with higher English proficiency. The summary statistics
accompanying the density plots were estimated change in response accuracy from the
model.

245



Using the contrast matrix (Table 4.3) along with the posterior distributions, I

calculated change in response accuracy as it pertained to each of the two encodings

in each linguistic profile of participants. Doing so enabled me to test the research

hypotheses in a more precise manner while making clear what the interaction effects

mean. Note that this calculation did not include posterior mean estimates from the

varying effects; therefore, the estimated change in response accuracy reported for each

profile of participants represented the group effect.

First, the lower-proficiency Thai L1 participants showed a negative change in re-

sponse accuracy toward the English-analogous encoding (M = −0.81, SD = 3.54).

This means this group became less accurate on the pattern by the end of the first day.

In other words, they were initially less inclined to adapt to the English-analogous en-

coding. However, this pattern was not conclusive as 40% of the distribution of change

scores was positive (i.e., greater than zero). Not every lower-proficiency Thai L1 par-

ticipant would become less accurate on the English-analogous encoding. This fact

is apparent in the distribution of change in response accuracy. The model estimated

that the largest negative change toward the English-analogous encoding was −15.24%

while the largest positive change was 14.31%. It is important to note that the estimates

from the model would not precisely match the corresponding descriptive statistics.

This is because, in multi-level models, the estimates are a trade-off between a grand

mean and an individual-level mean (McElreath, 2016). Conversely, the change in re-

sponse accuracy toward the Thai-analogous encoding was positive (M = 5.89%, SD

= 3.54), providing evidence that the Thai L1 group with lower English proficiency

improved on and adapted to the Thai-analogous encoding after receiving two lessons

on the miniature language. More importantly, 95.5% of the distribution was above

zero. Given the data, it was estimated that the increase in accuracy was highly likely

although this was not with complete certainty. Because 4.5% of the distribution lies
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below zero, there was plausibility that a decrease in correct responses would be found.

The model estimated that the largest decrease was −9.39% while the largest increase

in response accuracy was 20.49%.

Second, for the functionally monolingual English L1 participants, the hypothesis

that they would show faster adaptation to the English- than Thai-analogous encoding

was not supported. The group showed a highly similar and positive change toward

both Ln-analogous encodings on the first day of the experiment. More specifically,

an increase in response accuracy was observed in the English-analogous encoding

(M = 7.79%, SD = 4.08), and 97.2% of the distribution of the change was above

zero. This suggests that there was .97 probability that this group would become more

accurate on, and hence adapted to, the English-analogous encoding after receiving two

as opposed to just one familiarization modules of the miniature language. Likewise,

the group showed a positive change in correct responses toward the Thai-analogous

encoding (M = 7.78%, SD = 3.97), and 97.4% of the distribution was above zero.

These findings further strengthened the point made earlier in terms of the group’s

biggest margin of change toward the tense-aspect patterns of the miniature language

on the first day of the experiment. That is, the functionally monolingual English L1

participants demonstrated the largest increase in within-pattern accuracy in both Ln-

analogous encodings. However, despite this similar margin of change, the English L1

monolinguals were more accurate with the English-analogous encoding in both tests

on the first day of the experiment (see Table 5.6).

Last, the Thai L1 participants with higher proficiency in English showed an in-

crease in change in correct responses toward the two encodings in a highly similar

fashion. More specifically, they showed a positive change toward the Thai-analogous

encoding (M = 3.63%, SD = 3.46, 95% CrI = [−3.53, 10.1]) and toward the English-

analogous encoding (M = 3.46%, SD = 3.53, 95% CrI = [−3.38, 10.4]) although
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the margin of change toward the Thai-analogous encoding was fractionally higher.

Large SDs mean that the margin of change encompassed both negative and positive

values: Participants showed an increase as well as a decrease in the accuracy level.

However, a decrease in the accuracy was much less likely, as 97.2% and 97.5% of the

distribution was greater than zero for the English- and Thai-analogous encodings, re-

spectively. The model additionally estimated that the largest negative change toward

the English- and Thai-analogous encodings was −10.85% and −11.16%, respectively,

while the largest positive change was 17.75% and 17.25%, respectively. It can be seen

that the estimates for each Ln-analogous encoding were highly similar to each other

in the Thai L1 group with higher English proficiency.

Now that the change in both positive and negative direction has been presented

and discussed, it is critical to take a step back and ask how large the change in

response accuracy was or, put differently, how fast the adaptation to the tense-aspect

encodings became. Put simply, the answer is: not a great deal. Recall that there were

four test trials per Ln-analogous encoding. Moving from being correct two to three out

of four times would lead to a positive change of 25%, whereas getting one fewer item

correctly would yield a negative decrease of 25%. However, because a large number

of participants had a zero change moving from the first to second test of the first day,

a margin of change estimated in the model fell far below the 25% level. In fact, the

grand mean of change as reported in the intercept was only at 4.62% on the first day.

To put this in context, participants were more accurate by only one-fifth of a question

from session 1 to session 2 of the first day.

In addition to inspecting each profile’s margin of change toward a particular Ln-

analogous encoding separately, I calculated Cohen’s d of the change toward the two

encodings. In order to assess if the margin of change was different toward the English-

vs. the Thai-analogous encodings, a region of practical equivalence (ROPE) was es-
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tablished around a null value of Cohen’s d, extending from −0.6 to 0.6. This choice of

d value was motivated by a field-specific effect size interpretation for a within-group

comparison in applied linguistics (Plonsky & Oswald, 2014). According to Kruschke

(2015), a range of parameter values specified in the ROPE is considered “practically

equivalent to the null value for the purposes of the particular application” (p. 336). If

nearly all of the 95% credible values lie completely inside the ROPE, the null value

can be declared to be accepted. In the present study, if all of the credible values

of Cohen’s d fall between −0.6 and 0.6, one can conclude that the change toward

the English-analogous encoding was not practically different from the improvement

observed in the Thai-analogous encoding. Conversely, if the credible values fall com-

pletely outside the ROPE, a null value of no difference can be rejected. To illustrate,

if the credible values of d are between 0.62 and 1.10, it is possible to say that the

improvement on one Ln-analogous encoding was different from the change toward the

other pattern. When credible values are partially inside the ROPE, no clear decision

can be reached as the current set of data is insufficient to allow for a rejection or

acceptance of a null value (Kruschke, 2013, 2015).

It was found that the lower-proficiency Thai L1 group had the largest effect size of

the difference in the margin of change (d = 1.89, 95% CrI = [−0.91, 4.46]). Nonethe-

less, despite this, 14% of the distribution of d was within the ROPE. Because part

of the distribution overlapped with the ROPE, it was not possible to claim that the

effect was practically different from the null value. Effect sizes were smaller for the

other two linguistic profiles, and a substantially larger portion of the distribution fell

inside the ROPE for these other two groups. Specifically, the d values were 0.05 and

−0.01, respectively, for the Thai L1 group with higher English proficiency and the

English L1 functional monolinguals; and 35.7% and 36.5% of each group’s respective

249



distribution was within the ROPE. Figure 5.24 plots the distribution of Cohen’s d by

linguistic profile.

To summarize, on the first day of the experiment, the lower-proficiency Thai L1

participants showed faster adaptation to their L1-analogous encoding of the minia-

ture language, at the expense of the English-analogous encoding. This effect was not

observed in the English L1 group. Instead, Thai L1 participants with higher English

proficiency and English L1 functional monolinguals adapted to the two tense-aspect

encodings of the miniature language in a similar manner. However, for each partici-

pant profile, a portion of the distribution of d fell inside the ROPE, suggesting that

the change toward the two patterns might not have been practically different from

each other on the first day. Moreover, the margin of change in response accuracy for

the English L1 monolinguals outpaced that of the other two groups of participants.

The hypothesis that functionally more monolingual groups (i.e., English L1 and Thai

L1 with lower English proficiency) would show a larger increase in response accuracy

on the L1-analogous encoding was thus only partially confirmed.

The day 2 dataset came from the final two testing sessions. (As a reminder, by the

end of the experiment, participants received four training modules of the miniature

language spread over two modules per day for two days.) It was thus hypothesized

that the change in response accuracy should not be noticeably different from one

Ln-analogous encoding to the other. Another way to quantify this is through the

ROPE: Nearly all of the credible values of the effect size should fall inside the ROPE.

Figure 5.25 visualizes the posterior distribution of the six parameters, and Table 5.15

presents summary statistics of these distributions. First, the intercept indicated that

when the predictors were at their average values of zero, the posterior mean estimate

of change in response accuracy was 7.62% (SD = 1.68, 95% CrI = [4.35, 10.96]). Note

that the change was higher on the second day than on the first day, with the lower
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Figure 5.24 Distribution of Cohen’s d by linguistic profiles in day 1
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Table 5.15 Parameter estimates of the rate-of-change model in day 2

Parameters Estimates
Estimate SD 95% CrI p(µ) > 0 Bulk Tail R̂

Intercept 7.62 1.68 [4.35, 10.96] 1.000 23707 7760 1.0
Test: ENG 0.25 1.41 [-2.58, 3.02] 0.576 30290 8206 1.0
BG: Above -0.03 1.80 [-3.53, 3.52] 0.495 24834 9429 1.0
BG: Below 5.25 1.82 [1.62, 8.77] 0.998 22739 9168 1.0
Eng × Above 1.46 1.77 [-1.99, 4.92] 0.865 25540 9910 1.0
Eng × Below 0.06 1.78 [-3.47, 3.58] 0.406 25398 9009 1.0

bound of the credible intervals almost equal to the posterior mean estimate of the first

day. This higher margin of change was driven in large part by the change in the Thai

L1 group with lower English proficiency, as evidenced in the positive increase from

the intercept of 5.25% (SD = 1.82). Descriptive statistics in Table 5.13 confirmed this

pattern.

The first marginal effect is with regard to the Ln-analogous encodings, averaged

across all participants, putting aside their linguistic profiles. The posterior mean esti-

mate of Test:EN was 0.25% (SD = 1.41, 95% CrI = [−2.58, 3.02]). This can be inter-

preted as an increase of .25% in the change scores, moving from the third to fourth

predictive dependency tests, when test trials instantiated the English-analogous en-

coding. However, it is possible that the change scores would decrease as a result of the

English-analogous encoding as approximately 42% of the posterior distribution fell

below zero. The distribution covered an extremely wide range of values as indicated

by an SD that was larger than the posterior mean estimate. I also calculated the

change in response accuracy with respect to each Ln-analogous encoding. As opposed

to the first day where the margin of improvement was higher on the Thai-analogous

252



Figure 5.25 Posterior distribution of constant-effect parameters in day 2
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(a) (b)

Figure 5.26 Marginal effects of the rate-of-change model in day 2

encoding, the change in response accuracy was fractionally higher on the English-

analogous encoding (M = 7.85%, SD = 2.21, 95% CrI = [3.41, 12.1]) than on the

Thai-analogous encoding (M = 7.36%, SD = 2.21, 95% CrI = [3.04, 11.7]). The mean

difference between the two patterns was 0.50% (2×β = 2× 0.25). The density plot is

presented in Figure 5.26a and shows that the improvement of response accuracy on

the two Ln-analogous encodings was nearly identical. Furthermore, a fraction of the

distribution (i.e., 0.0004%) fell below zero, providing strong evidence that there was

positive improvement in both encodings. The fact that nearly identical improvement

was found provided empirical support to the hypothesis the two Ln-analogous encod-

ings yielded a similar pace of adaptation on the second day, for all participants as a

whole.

254



The second marginal effect concerns participants’ linguistic profiles. Recall that

on the first day the functionally monolingual English L1 participants had the highest

margin of improvement while the change in response accuracy in the two groups of

Thai L1 participants was similar. On the second day, it was the Thai L1 participants

with lower English proficiency who showed the largest change (M = 12.86, SD =

2.5, 95% CrI = [8.15, 17.87]). The smallest positive change the model estimated for

this Thai L1 group was at 3.56%. To contextualize, 66.5% of the posterior samples of

the English L1 participants’ estimated change fell below 3.56%. The Thai L1 group

of higher English proficiency exhibited a positive change that lies in the middle of

the other two profiles (M = 7.57, SD = 2.42, 95% CrI = [2.84, 12.24]). Moreover,

99.5% of the posterior samples was above zero, indicating that the change on the

second day of the experiment was almost exclusively positive for this Thai L1 group.

The group that showed the smallest improvement was the English L1 participants

(M = 2.38, SD = 2.76, 95% CrI = [−3.02, 7.68]). The estimated change from the

model is consistent with the descriptive statistics presented in Figure 5.7: Going from

the third to final tests, the English L1 participants showed little change in response

accuracy whereas the two Thai L1 groups still showed signs of improvement. This

suggests that, for the most functionally monolingual group of the three, adaptation

may have been plateaued. Figure 5.26b presents the density plots of the estimated

rate of change by group. Despite this different pace of adaptation, it must be noted

once again that participants attained a similar level of accuracy on the final test,

averaging across the two Ln-analogous encodings (see Table 5.6).

The two contrasts of the interaction term describe how the presence of one pre-

dictor affects the influence of another on an outcome variable. The first contrast says

that the influence of the English-analogous encoding on the change in response ac-

curacy increased by 1.46% (SD = 1.77, 95% CrI = [−1.99, 4.92]) when participants
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were the Thai L1 participants with higher English proficiency. The second contrast,

Below×English-analogous, tells us that on the second day of the experiment the in-

fluence of the English-analogous encoding on change increased by merely a fraction of

a percentage point (i.e., 0.06%) when the participants were Thai L1 participants with

lower English proficiency. Following the procedure for the day 1 dataset, I calculated

the change per Ln-analogous encoding and profile from the posterior distribution of

parameters in order to understand with greater clarity if the two Ln-analogous en-

codings would exhibit a similar rate of improvement. This would be taken as evidence

in support of the hypothesis that participants adapted to the two Ln-analogous en-

codings at the same rate on the second day of the experiment. Figure 5.27 presents

the density plots of the change in response accuracy along with summary statistics

of the model estimates.

As discussed above, when linguistic profiles were at their average value of zero,

both English- and Thai-analogous encodings showed a similar rate of improvement

(i.e., approximately an increase of 7%). For Thai L1 participants with lower English

proficiency, positive improvement was attested for both encodings on the second day.

Moving from the third to final tests, their response accuracy on the English-analogous

encoding improved by 13.18% (SD = 3.35, 95% CrI = [6.58, 19.88]). Similarly, this

group showed a slightly smaller, yet positive change of 12.55% (SD = 3.29, 95% CrI

= [5.82, 18.89]) toward the Thai-analogous encoding. Moreover, zero percent of the

posterior samples fell below zero, suggesting that a decrease in response accuracy was

unlikely among lower-proficiency Thai L1 participants. Despite this similar pace of

adaptation on the second day of the experiment, the group had higher response accu-

racy on the Thai-analogous encoding. Cohen’s d was −0.18, 95% CrI = [−2.73, 2.66])

with only 34.4% of the posterior samples inside the ROPE.
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While the picture emerging from the Thai L1 participants with limited English

proficiency lends some support to the hypothesis, it was found that the change in

response accuracy in the other two profiles still differed by Ln-analogous encodings.

More specifically, the English L1 participants showed a bigger margin of change on

the second day toward the Thai-analogous encoding (M = 3.68, SD = 3.72, 95% CrI

= [−3.68, 10.71]) than the English-analogous one (M = 1.13, SD = 3.73, 95% CrI

= [−6.18, 8.35]). These two distributions of change contained zero. For the change

toward the English-analogous encoding, 38.2% of the posterior samples fell below

zero and thus showed by how much the decrease in response accuracy was possi-

ble. Negative values accounted for about 16% of the posterior samples of change

toward the Thai-analogous encoding. Cohen’s d of the difference was 0.68 (95% CrI

= [−1.94, 3.38]), and 32.3% of the distribution was within the ROPE.

A different pattern can be seen in the Thai L1 group with higher English profi-

ciency. Namely, the group had a bigger margin of change toward the English-analogous

encoding (M = 9.31, SD = 3.28, 95% CrI = [2.96, 15.78]) than the Thai-analogous

encoding (M = 5.88, SD = 3.29, 95% CrI = [−0.34, 12.43]) on the second day. A

fraction of the posterior samples of change toward the English-analogous encoding

(i.e., 0.31%) fell below zero and thus indicated a decrease in response accuracy was

almost always unlikely. A negative change toward the Thai-analogous encoding was

also unlikely, given that only 3% of the posterior samples was below zero. The ef-

fect size of the difference was −1.04 (95% CrI = [−3.64, 1.59]), and approximately

one-third of the distribution (i.e., 27.5%) fell inside the ROPE (see Figure 5.28).

To conclude, on the second day of the experiment, the hypothesis that participants

from the three linguistic profiles would show a similar change toward the two Ln-

analogous encodings was not empirically supported. It was found that there were

differences in the margin of change in the English L1 monolingual and Thai-English
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Figure 5.27 Estimated rate of change toward the two patterns in day 2. (A) func-
tionally monolingual English L1 group; (B) Thai L1 group with lower English profi-
ciency; and (C) Thai L1 group with higher English proficiency. The summary statistics
accompanying the density plots were estimated change in response accuracy from the
model.
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Figure 5.28 Distribution of Cohen’s d by linguistic profiles in day 2
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bilingual groups. Only the Thai L1 group with lower English proficiency showed a

pattern of change that was consistent with the hypothesis. Despite this, for each

participant profile, only approximately one-third of the posterior samples of Cohen’s

d fell inside the ROPE. It is only when all of the 95% credible intervals lie completely

inside the ROPE that we can find evidence in favor of a null hypothesis. One can then

conclude that the change toward the English-analogous encoding is not practically

different from the improvement observed in the Thai-analogous encoding. Given the

inconclusive evidence in the current results, we did not have directional evidence

regarding the null value (see, e.g., Kruschke, 2015, for discussion of ROPE).

Smaller dataset

Following the steps taken to answer the first research question, I also re-ran the anal-

ysis excluding participants who did not provide evidence of having grasped the two

intended meanings of the stimuli on the translation test given during the debriefing

after the experiment. Table 5.16 presents summary statistics of the parameter esti-

mates of the first day. All posterior mean estimates but the one for the Thai L1 group

with higher English proficiency (n = 15, row three of the table) had the same sign as

those reported in the full dataset. The estimate for the English-analogous encoding

became more negative, indicating a smaller margin of change in response accuracy

toward the pattern. In Figure 5.29, it can be seen that the English L1 group had a

smaller margin of change toward the English-analogous encoding (M = 7.79, SD =

4.62, 95% CrI = [−0.84, 17.34]) than the Thai-analogous encoding (M = 10.04, SD

= 4.63, 95% CrI = [1.20, 19.47]) on the first day. This three-percent difference led to

Cohen’s d of 0.49 (95% CrI = [−2.15, 3.17]), and 33.7% of the posterior samples of

d was inside the ROPE. Second, in this smaller dataset, the lower-proficiency Thai

L1 group had a larger margin of change toward the Thai-analogous encoding (M =
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Table 5.16 Parameter estimates of the rate-of-change model in day 1 (subset of data)

Parameters Estimates
Estimate SD 95% CrI p(µ) > 0 Bulk Tail R̂

Intercept 7.70 2.42 [2.98, 12.46] 0.999 18013 9284 1.0
Test: ENG -1.46 1.91 [-5.19, 2.27] 0.224 17048 8713 1.0
BG: Above 0.73 2.23 [-3.64, 5.10] 0.627 17432 9040 1.0
BG: Below -1.95 2.24 [-6.37, 2.50] 0.191 16495 9027 1.0
Eng × Above 1.89 2.21 [-2.44, 6.20] 0.805 16073 8863 1.0
Eng × Below -2.23 2.26 [-6.62, 2.19] 0.164 16258 9564 1.0

9.44, SD = 4.60, 95% CrI = [0.64, 18.60]). Cohen’s d of the difference was 1.61 (95%

CrI = [−1.0, 4.17]). Despite the larger effect size, 18.4% of the posterior samples fell

inside the ROPE. Thus, we lack evidence for or against the null value.

On the second day of the experiment, as shown in Table 5.17, two of the posterior

mean estimates in the smaller dataset differed from their counterparts in the full

dataset. First, the Test:ENG contrast became negative (M = −1.56, SD = 1.59),

indicating a smaller margin of change in response accuracy. Second, the BG:Above

contrast for the Thai L1 participants with higher English proficiency became positive

which suggests a larger improvement on their response accuracy. The other posterior

mean estimates had the same sign.

The changes in the posterior mean estimates in the smaller dataset led to a some-

what different picture in terms of adaptation to the two Ln-analogous encodings on

the second day as well. Participants from all three linguistic profiles had a bigger

margin of change toward the Thai-analogous encoding, as evidenced in Figure 5.30.

The biggest margin of change was attested in the lower-proficiency Thai L1 group.

That is, the group had a bigger improvement on the Thai-analogous encoding (M =
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Figure 5.29 Estimated rate of change in day 1 (subset of data). (A) functionally
monolingual English L1 group; (B) Thai L1 group with lower English proficiency;
and (C) Thai L1 group with higher English proficiency. The summary statistics ac-
companying the density plots were estimated change in response accuracy from the
model.
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Figure 5.30 Estimated rate of change in day 2 (subset of data). (A) functionally
monolingual English L1 group; (B) Thai L1 group with lower English proficiency;
and (C) Thai L1 group with higher English proficiency. The summary statistics ac-
companying the density plots were estimated change in response accuracy from the
model.
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Table 5.17 Parameter estimates of the rate-of-change model in day 2 (subset of data)

Parameters Estimates
Estimate SD 95% CrI p(µ) > 0 Bulk Tail R̂

Intercept 9.11 1.91 [5.36, 12.84] 0.999 27308 8205 1.0
Test: ENG -1.56 1.59 [-4.67, 1.62] 0.224 27098 8081 1.0
BG: Above 1.98 1.98 [-1.89, 5.87] 0.627 22004 9673 1.0
BG: Below 5.11 1.95 [1.28, 8.93] 0.191 21657 10004 1.0
Eng × Above 0.66 1.94 [-3.12, 4.50] 0.805 23344 9472 1.0
Eng × Below -0.41 1.96 [-4.28, 3.37] 0.164 20901 9503 1.0

16.19, SD = 3.84, 95% CrI = [8.63, 23.51]) than the English-analogous encoding (M

= 12.24, SD = 3.85, 95% CrI = [4.72, 19.66]). Cohen’s d was 1.03. Despite this large

effect size, 27.9% of the posterior samples fell inside the ROPE and thus it was not

possible to claim that the change in response accuracy toward the Thai-analogous

encoding was practically different from the improvement on the English-analogous

encoding (see Figure 5.31 for the distribution of Cohen’s d by linguistic profile). In

keeping with the pattern reported in the full dataset, the English L1 group showed

the least amount of improvement on the second day. What differed, however, was a

slightly larger improvement on the Thai-analogous encoding (M = 3.84, SD = 3.70,

95% CrI = [−3.31, 11.09]). Cohen’s d of such difference was 0.97, with 28% of the pos-

terior samples being inside the ROPE. The higher-proficiency Thai L1 group showed

a positive change toward both encodings (d = 0.46, 34.31% of the posterior samples

inside the ROPE). Like the full dataset of the second day of the experiment, because

the distribution of the posterior samples of d was only partially inside the ROPE, it

was not possible to state whether or not the more positive change toward the Thai-
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analogous encoding in each profile was credibly different from the improvement on

the English-analogous encoding.

5.2.5 Research question 4: The contribution of participants’ tense-

aspect knowledge

Research question four asked whether prior English tense-aspect knowledge, as mea-

sured by the cloze test developed for the present study (see Section 3.6) had a positive

influence on the log-odds of correctly responding to predictive dependency test sen-

tences that mimicked the English-analogous encoding. I begin this section by reporting

the intraclass correlation (ICC) values calculated from the intercept-only model. This

model was run once again to quantify the variability that existed in the data consist-

ing solely of test trials that mimicked the English-analogous encoding. ICC values for

σID and σCon were 0.12 and 0.32, respectively. In other words, 12% of the variation in

the estimate of log-odds was attributable to between-participant differences and 32%

to between-item differences.

In terms of convergence, trace plots (see Figure 5.32) as well as R̂ statistics pro-

vided evidence that the chain reached a stationary part. Furthermore, in terms of

autocorrelation, the acf values fell below 0.03 by lag 3 for the two constant-effect

parameters (i.e., cloze scores and test trials). The acf values of the intercept remained

high and not until lag 10 did it go below 0.02. Figure 5.33 presents an example of the

autocorrelation plot of the constant-effect parameters in chain 1.

From Table 5.18, it can be seen that English tense-aspect knowledge had a positive

influence on the log-odds of correctly responding to test sentences that mimicked the

English-analogous encoding. That is, an increase in one scale unit of tense-aspect

cloze scores was associated with an increase in the log-odds of 0.25 (SD = 0.20, range

= −0.62−1.06). Despite the fact that the 95% credible intervals overlapped with zero,
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Figure 5.31 Distribution of Cohen’s d by profiles in day 2 (subset of data)
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Figure 5.32 Trace plots of parameters of the research question four model
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Figure 5.33 Autocorrelation plots of parameters in chain 1

90% of the posterior samples was above it. This means that there was 0.9 probability

that the expected change in the log-odds would be in a positive direction as cloze

scores increased by one unit. In addition to the constant-effect term βC, the model

also incorporated the by-item varying-effect term βCon-C that captured variation of

βC across test sentences. The posterior mean estimate of the variance βCon-C was 0.19

(SD = 0.15). This was large, considering the estimate of βC (i.e., M = 0.25). To

contextualize this variation across test sentences, I calculated the expected change

in the log-odds for each sentence by summing each pair of the posterior estimates

of βC and βCon-C. Figure 5.34 plots the distribution of the posterior samples of 16

test sentences, sorted by the amount of expected change. There were three out of 16

sentences that the 95% credible intervals did not overlap with zero. This indicated
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Table 5.18 Parameter estimates for the research question four

Parameters Estimates
Mean SD 95% CrI p(µ) > 0 Bulk Tail R̂

Intercept 0.68 0.34 [0.02, 1.35] 0.977 2485 4421 1.0
Cloze 0.25 0.20 [-0.15, 0.64] 0.900 9512 9740 1.0
Trials -0.03 0.12 [-0.27, 0.22] 0.420 28370 8915 1.0
σID 0.67 0.10 [0.48, 0.88] 1.000 5081 7431 1.0
σCon 1.27 0.25 [0.88, 1.85] 1.000 3567 6594 1.0
σCon-C 0.19 0.15 [0.01, 0.55] 1.000 6226 7089 1.0

that the cloze test scores positively improved response accuracy on these three test

items. Two sentences tested the completion meaning, and one continuation meaning.

Although inconclusive, the evidence suggests that prior, out-of-laboratory linguis-

tic experience with adjacent predictive dependencies that underpin the English Simple

Present and Past can influence adaptation to the English-analogous tense-aspect en-

coding of the miniature language. This effect of cloze scores on response accuracy

is visualized in Figure 5.35. The two figures plot predicted mean proportion of cor-

rect responses as a function of standardized cloze scores. In Figure 5.35a, each blue

line represents a prediction from the model. This same information is presented in

Figure 5.35b where the mean along with 95% intervals are drawn. As cloze scores

increased, so did the mean proportion of correct responses. There was, nonetheless,

large uncertainty in the predicted mean proportion as indicated by a width of the

credible intervals.

In addition to the predictor of interest, the model contained one control variable,

a trial order. It can be seen that the order in which test sentences were presented —in

a random fashion during the experiment— during the predictive dependency test did
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Figure 5.34 Posterior distribution of expected change in log-odds by sentences
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(a) (b)

Figure 5.35 Marginal effects of cloze scores on accuracy

not exert any meaningful influence on the log-odds of correct responses (M = −0.03,

SD = 0.12, range = −0.54 − 0.48). Note that the SD was four times as large as

the posterior mean estimate, indicating that mean itself did not fully summarize the

posterior distribution of test trials. Furthermore, the null value split the distribution

into two almost equal halves, with 58% of the distribution above zero and 42% below

it.

Smaller dataset

Following the same steps taken to answer previous research questions, I removed

participants whose translation of the stimuli during debriefing showed that they did

not pick up on any of the intended tense-aspect meaning. In this subset of data, the

grand log-odds increased substantially (M = 0.95, SD = 0.35, 95% CrI = [0.26, 1.60]).

To illustrate, with this subgroup of participants, the odds that they would answer test
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sentences correctly were 2.59:1. More importantly, the expected change in the log-odds

associated with a one-unit increase in the cloze scores was 0.28 (SD = 0.35, 95% CrI

= [−0.40, 0.97]), which was marginally higher than the expected change reported in

the full dataset. Furthermore, a larger percentage of the distribution of the posterior

samples (i.e., 20%) fell below zero (as compared to the 10% in the full dataset). In

other words, there was .20 probability that an increase in the cloze scores would

reduce the response accuracy. The evidence, albeit weaker, still indicated a positive

relationship between cloze test performance and the log-odds of correct responses.

Not only did the posterior mean estimate increase for the subset of participants

who seemed to have understood the completion and continuation meanings, but SDs

were also larger. In fact, SDs became much larger than the posterior mean estimate.

As evident in Figure 5.37, the posterior of cloze scores in the smaller dataset was

more spread out (range = −1.17− 1.51) and had a smaller peak. The variance across

test sentences, σCon-C, was also larger, M = 0.29 (SD = 0.23), indicating even larger

variability in the effect of cloze test on the log-odds of correct responses. Figure 5.36

visualizes the expected change in the log-odds in each test sentence. When the anal-

ysis was conducted with a subset of participants who grasped the meaning of the

stimuli, test sentences that expressed the continuation meaning consistently led to an

expected change in a positive direction. This may be attributed to the fact that the

continuation meaning was more easily comprehended. This was tentatively confirmed

by the translation task during debriefing. Most participants —particularly those who

were able to correctly translate one out of two meanings— provided a target-like

translation for the continuation meaning.

For the smaller data, Figure 5.38b visualizes the predicted mean proportion of

correct responses as a function of standardized cloze test scores. Of note is the fact

that the mean proportion of correct responses was higher than that reported in the full
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Figure 5.36 Posterior distribution of expected change in log-odds by sentences (sub-
set of data)
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Figure 5.37 Parameter estimates for cloze scores: full dataset (left); and subset of
data (right)

(a) (b)

Figure 5.38 Marginal effects of cloze scores on accuracy (subset of data)
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Table 5.19 Parameter estimates for the research question four (subset of data)

Parameters Estimates
Mean SD 95% CrI p(µ) > 0 Bulk Tail R̂

Intercept 0.95 0.35 [0.26, 1.60] 0.995 2205 4052 1.0
Cloze 0.28 0.35 [-0.40, 0.97] 0.798 5172 7161 1.0
Trials -0.12 0.17 [-0.48, 0.22] 0.251 15935 8687 1.0
σID 0.82 0.15 [0.56, 1.13] 1 4773 7540 1.0
σCon 1.18 0.26 [0.78, 1.78] 1 3263 5586 1.0
σCon-C 0.29 0.23 [0.01, 0.84] 1 5843 6199 1.0

dataset (see Figure 5.35). Similar to the full dataset, a positive relationship between

participants’ cloze scores and mean proportion of correct responses was observed. The

width of the credible intervals was narrower.

To conclude, there was tentative evidence to suggest that —given the task that

participants were instructed to complete— sensitivity to adjacent predictive depen-

dencies gleaned from SL of English tense-aspect system influenced one’s propensity

to respond correctly to test sentences that mimicked the English-analogous encoding.

In short, participants were able to recruit out-of-laboratory prior linguistic experience

to help them adapt to a novel linguistic structure.
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Chapter 6

Discussion and Conclusion

The present dissertation was designed to investigate whether adult learners utilized

prior linguistic knowledge of tense-aspect encodings to help them adapt to a novel

language. The focus was on a subset of encodings of two typologically distinct lan-

guages, English and Thai. Specifically, this work considered systematic associations

that encode temporal meanings: between lexical and sub-lexical items for English

tense-aspect encoding and between lexical items for Thai tense-aspect encoding. This

means that associations between linguistic units to which learners are sensitive were

considered as prior knowledge that informed their expectations.

The line of reasoning was that adult learners form differing expectations for what

systematic associations a new language will exhibit in order to express temporal

information, based on statistical regularities they have been exposed to from past

learning. Since participants had had innumerable experience with their L1, they were

expected to have more precise and entrenched statistical knowledge of their native

language. Thus, participants would come to a new language with an expectation that

a miniature language would make use of a similar kind of systematic associations as

their L1 in order to encode temporal information. Accordingly, if adaptation to the

novel tense-aspect system was mediated by L1-informed expectations, two aspects

of such adaptation were hypothesized to transpire. First, participants would demon-

strate better adaptation to their L1-analogous tense-aspect encoding, showing higher
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accuracy on test trials that mimicked their L1-analogous encoding. Second, partici-

pants would show faster adaptation to their L1-analogous encoding, showing a more

positive increase toward that tense-aspect encoding, particularly on the first day of

the experiment.

Participants were familiarized with a miniature language that expressed the same

two temporal meanings of completion and continuation with both English- and Thai-

analogous encodings. At four different time points throughout the experiment, which

lasted a total of two days (with no more than one day between them), participants

were assessed as to how well they adapted to the two probabilistic encodings they

experienced in the novel miniature language.

In this closing chapter, I summarize major findings of the present dissertation

and I interpret and contextualize the results with regard to the extant literature that

motivated the study. Each set of findings is discussed, and its implications are elabo-

rated. This chapter ends by articulating future directions for research on adult L2/Ln

learning that seeks to further elucidate the interaction between prior linguistic expe-

rience and L2/Ln input in adaptation to and eventually learning of novel linguistic

structures.

6.1 First language-induced adaptation: Overall accuracy

The first research question probed whether participants adapted more favorably to

their L1-analogous encoding. It was hypothesized that participants would be more

accurate on test trials that instantiated their L1-analogous encoding. Such pattern of

results would indicate that prior probabilistic knowledge from learners’ L1 came into

play when participants were exposed to the novel input for the first time.
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The results confirmed the hypothesis. Overall, participants adapted more readily

to tense-aspect encoding of the miniature language that was analogous to their L1.

In terms of the average response accuracy, each L1 group scored higher on their L1-

analogous tense-aspect encoding: The English L1 participants were, on average, 65.8%

and 60.8% correct on the English- and Thai-analogous encodings, respectively; the

Thai L1 participants earned a mean response accuracy of 65.4% and 60% on the Thai-

and English-analogous encodings, respectively. In both cases, the same five-percent

accuracy superiority was found, indicating performance improvement beyond task

adaptation that was expected, given a relatively rich amount of input and a small

number of target patterns on which participants were trained. The Bayesian multilevel

logistic regression model revealed that the posterior mean estimate of the interaction

between Ln-analogous encodings and participants’ L1 was positive (i.e., βL1×Ln =

0.14, SD = 0.05) and the 95% credible intervals did not include zero. This confirmed

that the effect of participants’ native language was larger for the L1-analogous tense-

aspect encoding.

Additionally, L1-informed adaptation did not affect the average accuracy across

the four tests. The two groups of participants were on par in terms of their levels

of accuracy, averaging across the two Ln-analogous encodings (English L1 subjects:

M = 63.3%, SD = 48.2%; Thai L1 subjects: M = 62.7%, SD = 48.4%). A two-

sample independent t-test showed that the mean proportion of accuracy did not

significantly differ (Welch’s t(49.18) = 0.18, p = 0.85, Cohen’s d = 0.04). Reclassifying

the Thai participants in terms of their linguistic profiles (i.e., their measured English

proficiency) did not change the pattern of results either (F (2, 93) = 0.13, p = 0.88).

With participants having obtained a similar level of accuracy, we can gain some

confidence that the miniature language-learning experiment was equally difficult for

both groups of participants.
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Taken together, the findings suggest that adult learners transferred their knowl-

edge of tense-aspect encoding to a novel language during initial exposure to it. To

date, substantial evidence for the transfer of temporal marking has come from an

analysis of written or spoken data in learners who had gained some proficiency of

a target L2/Ln (Collins, 2004; Deshors, 2018; Murakami & Alexopoulou, 2016). In

this line of studies, the impact of prior knowledge we can observe (e.g., from adults’

L1) is already mediated or filtered by the L2/Ln learning. In contrast, participants in

the present dissertation had zero knowledge about how a miniature language would

encode temporal information prior to the experiment. That the participants were ap-

proximately 5% more accurate with their L1-analogous encoding provided empirical

evidence for linguistic transfer of tense-aspect marking.

The current results thus challenge the argument that L2 learning of tense-aspect

marking is impervious to L1 knowledge, most notably put forth by Bardovi-Harlig

(2000). Citing early work from both meaning- and form-based perspectives, Bardovi-

Harlig claimed that there was no effect of linguistic transfer on L2 learning of tense-

aspect marking. However, the findings from this as well as many other studies that

came after her 2000 book-length review (Ayoun & Salaberry, 2008; Chan, 2013;

Collins, 2004; Gujord, 2017; Nishi & Shirai, 2019) provide robust support for the

influence of prior linguistic knowledge. Bardovi-Harlig further argued that the L1 ef-

fect may only be found “in the details rather than in the larger picture” (p. 411).

While results from previous studies may be interpreted as offering evidence for the

particulars of L1 effect on L2/Ln tense-aspect marking (e.g., the overuse of English

Perfect in French learners due to its structural similarity to Passé Composé), the

pattern of accuracy reported in this study can be taken as evidence of transfer in

the larger picture as well. That is, because tense-aspect encodings of the miniature

language were designed to schematically resemble how English and Thai encode time,
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the observed effect of participants’ L1 on response accuracy could not be attributed to

have come solely from one temporal or aspectual structure. Whether or not L1 trans-

fer can be observed in an even larger picture, across both adjacent and non-adjacent

relations documented in English and Thai tense-aspect systems, remains to be seen.

A miniature language-learning paradigm like the present study can shed light on this

issue, adding to a growing list of methodological advances currently afoot in linguistic

transfer research (Jarvis, 2016).

In addition to its contribution to linguistic transfer research, this study, along

with the ones that preceded it, calls into question a tabula rasa assumption in SL

research that employs linguistic materials (e.g., Frost et al., 2019; Siegelman, 2020).

This assumption holds that participants can track and extract any regularities with

which they are presented in a given SL experiment. There is evidence in support of

the assumption in many SL experiments with non-linguistic stimuli, provided that the

regularities are of moderate complexity (C. Kidd et al., 2012). For instance, Turk-

Browne et al. (2005) showed that, in a visual SL task, participants were able to identify

co-occurring novel shapes or objects by tracking researcher-defined regularities despite

the fact that these shapes did not exist in the real world. In contrast, in linguistic SL

tasks, participants can use their existing knowledge about how languages work (e.g.,

which sounds tend to co-occur). Therefore, it is difficult —if not impossible— to

postulate that word segmentation ability in a linguistic SL task would not be guided

by learning biases from past language learning. In fact, there is now ample evidence

that word segmentation ability in artificial and miniature language is affected by

knowledge of co-occurring sequences in participants’ L1 as well as L2 (e.g., Onnis

& Thiessen, 2013; Potter et al., 2017; Toro et al., 2011). Siegelman et al. (2018)

further showed that even in an artificial language with no meaning, word segmentation

ability can be mediated by the extent to which artificial language words were similar
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to participants’ native language (in their case, Hebrew). Whereas previous studies

have documented the influence of native language biases on segmentation of artificial

language words that bore no meaning, I provided evidence for the first time that

learning biases from a natural language guided identification of novel regularities in

the miniature language that expressed temporal meanings.

The orthogonal patterns of accuracy observed in the present study strengthened

the ancillary argument against the tabula rasa assumption. That is, as Frost et al.

(2019) argued, entrenched statistical regularities from prior language learning should

yield variable SL performance when the task involves linguistic materials. In the

present case, participants from the two L1 backgrounds brought to the experiment

a differing kind of entrenchment, informed by their experience with tense-aspect en-

coding of their native language. As human cognitive processing constantly makes

use of available information to update existing representations (e.g., A. Clark, 2016),

new information that conforms more to an already established representation can

be learned better (Skoe et al., 2015). The L1-analogous encoding was more in line

with an existing representation participants had formed about temporal expressions;

thus, it was learned better than the non-L1-analogous encoding. This argument was

further supported in the present study by the fact that statistical regularities in the

tense-aspect system of the miniature language were made to resemble those of the two

natural languages. This is unlike previous studies that did not establish how proba-

bilistic biases at a given level (e.g., regularities that underpin a word order structure)

could subserve SL performance at another level (e.g., word segmentation based on

co-occurring syllables).

How might statistical regularities of past linguistic experience facilitate adaptation

to a novel tense-aspect system? There is reason to believe that learner-generated ex-

pectations can account for the current results. Notwithstanding specific mechanisms
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that give rise to expectation-based adaptation in language comprehension and pro-

duction (e.g., Chang et al., 2012; Kleinschmidt & Jaeger, 2015), it is generally agreed

that expectations that language users generate are informed by their overall experi-

ence with L1 as well as L2 (Cheng & Almor, 2019; Kaan et al., 2019; Leal et al., 2017;

Pajak et al., 2016; see Kaan, 2014 for a review). While the present study employed

response accuracy as an offline behavioral measure of adaptation instead of an online

behavioral measure such as reaction time, the results suggest a similar picture to that

found in syntactic adaptation in L2 users with intermediate L2 proficiency (e.g., Kaan

& Chun, 2018; Kaan et al., 2019). The extent to which language learners rely on L1-

based or L2-based expectations to aid their adaptation to L2 input depends on their

L2 proficiency. As in the present study, it is possible that learners depended more

on their L1 to generate expectations, hence better adaptation to their L1-analogous

encoding, because their L2 proficiency was weaker, as in the Thai L1 learners, or non-

existent, as in the English L1 learners. Kaan and Chun (2018) similarly found that

the expectations intermediate-level English learners generated for the English dative

construction were in line with the frequency of uses of such construction in their L1

Korean. It is possible that more advanced L2 learners would adapt equally well to

both sets of encodings as they could form expectations using both of their languages

(Flett, Branigan, & Pickering, 2013; Montero-Melis & Jaeger, 2019).

It is possible to link behavioral evidence for L1-induced adaptation to that re-

ported in two recent neuroimaging studies. Weber et al. (2016) exposed Dutch native-

speaking participants to a miniature language that contained both novel and Dutch-

like word order structures. They found that, at a behavioral level, participants per-

formed better on the Dutch-like structure. More importantly, activation in the brain

regions associated with syntactic processing was suppressed in the Dutch-like struc-

ture but it was enhanced in the novel word-order structure. Suppression of the acti-
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vation was taken to indicate that the Dutch-like structure of the miniature language

was integrated into an existing representation of their L1. In contrast, enhancement

of the activation indicated that the brain was forming a new representation for the

novel word order structure. Also, this nascent representation was reflected in a weaker

behavioral performance on the novel structure. From a different approach, Karuza et

al. (2016) trained participants on one artificial language that exhibited non-adjacent

dependencies between vowels. Unbeknownst to the subjects, the stimuli were switched

such that a second artificial language that had non-adjacent dependencies between

consonants was presented. Karuza and colleagues showed that participants who per-

formed highly well on the first and poorly on the second language had less activation

in the fronto-parietal regions, which subserve language processing, and showed de-

coupling between higher-level structures and an early auditory cortex. This indicated

that as the statistical structure of the first artificial language was learned, the brain

sampled less information from the environment, thus affecting the performance on

the second artificial language. Based on these two studies, the fact that participants

adapted more readily to the L1-analogous encoding may have resulted from the pat-

tern being more easily integrated into an existing representation. Also, once this novel

structure was incorporated, it was likely that the brain sampled less from the linguistic

environment, thereby affecting identification of the non-L1-analogous encoding.

6.2 First language-induced adaptation: Change in accuracy

The second and third research questions probed another aspect of L1-induced adap-

tation by focusing specifically on the change in response accuracy on each day of

the experiment. Adult learners of the miniature language were hypothesized to form

a stronger expectation that systematic associations underpinning the novel tense-
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aspect system would be similar to those of their native language. In addition to

better adaptation, this L1-informed expectation would enable learners to adapt to

their L1-analogous encoding faster, particularly during initial exposure to a novel

language.

There were two hypotheses, one for each day of the experiment. Firstly, by the

end of the first day, participants were expected to show a more positive change in

response accuracy toward their L1-analogous encoding. However, because the Thai

L1 participants exhibited varying degrees of English proficiency, their expectation

regarding systematic associations that encode temporal meanings in a novel language

was hypothesized to differ. Accordingly, the anticipated faster change toward the L1-

analogous encoding would pertain specifically to the two profiles with less bilingual

experience (i.e., the functionally monolingual English L1 participants and the Thai L1

participants with lower English proficiency). The latter group consisted of those whose

scaled English proficiency scores were below the median cutoff value of the full Thai

L1 group. Secondly, because of the relatively extensive amount of input participants

received, it was hypothesized that no quantitative difference in the change in response

accuracy toward the two Ln-analogous encodings would be observed on the second

day of the experiment.

The current results were unable to confirm these two hypotheses. Specifically, on

the first day of the experiment, only the Thai L1 participants who had lower English

proficiency showed a greater improvement on their L1-analogous encoding. In con-

trast, and unexpectedly, the functionally monolingual English L1 participants showed

a similarly positive change in their response accuracy toward both Ln-analogous

encodings, and so did the Thai L1 participants with higher English proficiency.

For the lower-proficiency Thai L1 group, the increase in response accuracy on the

Thai-analogous encoding and the decrease in accuracy on the English-analogous en-
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coding led to the largest effect size of the difference, Cohen’s d = 1.89, 95% CrI

= [−0.91, 4.46]. Nonetheless, the 95% credible intervals overlapped with the pre-

determined ROPE. Therefore, it was not possible to conclude that the effect size

was practically meaningful. Despite showing the similar margin of improvement to-

ward both encodings, the functional English L1 monolinguals were on average more

accurate with the English-analogous encoding.

As for the second day, the three profiles showed positive change toward the two

tense-aspect encodings of the miniature language, with the English L1 participants

having the smallest margin of change. To confirm the hypothesis that the two encod-

ings elicited a similar amount of change, the 95% credible intervals of the posterior

samples had to fall inside the ROPE. The fact that only a portion of the posterior

samples was inside the region made it impossible to neither reject or accept the null

value.

Why did the functional English L1 monolinguals show a similarly positive change

in response accuracy toward the two encodings by the end of the first day? Why

did this group, but not the Thai L1 participants with higher English proficiency,

have the largest margin of change on the first day? Finally, why did the English L1

participants show the smallest margin of change on the second day? Three factors

may help answer these questions, namely individual differences, degree of bilingualism,

and operationalization of change in response accuracy. In the following paragraphs, I

discuss each of the factors separately. It is important to keep in mind, however, that

in reality these factors were more likely to work in concert with one another than in

isolation. A separation of these factors serves to keep the discussion succinct.

First is the issue of unknown individual differences. Namely, there remains a pos-

sibility that the English L1 and Thai L1 participants differed on some measure of

individual differences. Two potential sources of individual differences may have been

285



important, given the kind of task employed in the present study: verbal working

memory and inhibitory control. Verbal working memory has been tied to language

comprehenders’ ability to detect regularities that violate expectations during online

sentence processing (Farmer, Fine, Misyak, & Christiansen, 2017) as well as offline

sentence comprehension (James, Fraundorf, Lee, & Watson, 2018). Sanz, Lin, Lado,

Stafford, and Bowden (2016) showed that native speakers of English from the same

target population from which the present English L1 group was drawn had relatively

high working memory capacity. In their study, Sanz and colleagues also found that

working memory capacity predicted morphosyntactic learning of Latin case marking

in participants who received meaning-oriented instruction. The miniature language

of the present study also carried meaning, and the presentation of the stimuli was

meaning-driven. It is possible that the functional English L1 monolinguals had better

working memory than the Thai L1 participants with lower English proficiency, and

that, because of this, they were better able to simultaneously process and store in-

formation about the two encodings. Thus, this would explain why, despite being less

accurate on the Thai-analogous encoding to begin with, the English L1 participants

were able to show a similarly positive change toward the two encodings by the end of

the first day.

With respect to the other factor in which individual participants may have poten-

tially differed, inhibitory control, the ability to suppress task-irrelevant information

has been shown to influence SL abilities when stimuli contain competing segmentation

cues (i.e., a high-interference context) (Bartolotti et al., 2011). Moreover, language-

learning experience can confer advantages in inhibitory control (Onnis et al., 2018),

and even language learners who are not yet fluent in their L2 can demonstrate im-

proved inhibitory control just like simultaneous bilinguals do (see, e.g., Bialystok,

2017, for a review). A substantial number of the English L1 participants (n = 18 out
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of 30 or 60%) reported having studied or learned another language besides English,

albeit not to any degree of functional proficiency or use. By virtue of having studied

another language, some of the English L1 participants may have been able to employ

inhibitory control functions in suppressing information from a non-target language in

much the same way as the Thai L1 participants would have to do when they were

studying English (see, e.g., Darcy, Mora, & Daidone, 2016; Miyake & Friedman, 2012).

Thus, enhanced inhibitory control in the English L1 participants may have enabled

them to suppress competition from one encoding as they attempted to adapt to the

other. Conflicting results have been observed in previous studies comparing bilingual

with monolingual speakers on their SL performance (significant differences in favor

of bilinguals, e.g., Antovich & Graf Estes, 2018; Kovács & Mehler, 2009; Onnis et al.,

2018; no differences, e.g., Bulgarelli et al., 2019; Wang & Saffran, 2014; Yim & Rudoy,

2013). This could have arisen because of the differences (or lack thereof) in inhibitory

control between monolinguals and bilinguals, and among individuals within a group

and across groups, which was not controlled for in this as well as previous studies.

Second, degree of bilingualism itself may help explain the finding that the English

L1 participants improved by the smallest margin on the second day of the experiment.

A substantial number of these participants (n = 12 out of 30 or 40%) reported not

knowing another language besides English. As opposed to the Thai L1 participants,

including those with more limited knowledge of English, the English L1 participants

were more functionally monolingual. In previous studies, bilinguals have often been

compared to monolinguals on their SL abilities in a single experimental session (e.g.,

Onnis et al., 2018; Wang & Saffran, 2014; Yim & Rudoy, 2013). This has prevented

researchers from observing and testing for any difference in the ability of the two

groups to track systematic associations over time, that is, over several sessions. One

notable exception is Poepsel and Weiss (2016), who divided a familiarization phase
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of nonce word learning into three parts, with each one being accompanied by a vo-

cabulary test. Moreover, the stimuli in Poepsel and Weiss (2016) bore similarity to

the miniature language of the present study in that one word was paired with two

objects, creating a one-to-many mapping. Interestingly, the authors found that their

functional English L1 monolinguals improved by a smaller margin than functional

bilinguals. The present study also documented the smallest margin of positive change

in the English L1 participants on the second day. Albeit speculative at this point,

the qualitative differences in SL performance between functional monolinguals and

functional bilinguals may be more than just accuracy on some behavioral measure. As

executive control is more enhanced in bilinguals than in monolinguals due to compe-

tition across languages (Marian, Bartolotti, Rochanavibhata, Bradley, & Hernandez,

2017), it is possible that bilinguals would demonstrate greater improvement over the

course of the experiment when they are simultaneously presented with one-to-many

mappings of words or structures, which resembled bilingual linguistic environment.

The positive change documented in the two profiles with more bilingual experience

suggests that this possibility may have played out in the present miniature language-

learning results.

The third and final factor that I would like to consider in more fully explaining the

findings pertains to how change in response accuracy was calculated in the present

study. It will be remembered that the number of test items per Ln-analogous encoding

on the predictive dependency test in each testing module was small (n = 4). Conse-

quently, the calculation of change scores could have been too coarse-grained to have

detected any difference in the rate at which functional bilinguals as opposed to func-

tional monolinguals adapted to the one-to-many mappings in the miniature language

of the present study. It was reported in Table 5.12 that the change of zero was most

commonly observed as participants maintained the percentage of correct responses,
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going from the first to the second test on each day of the experiment. In cases where

participants did improve by, for example, getting one extra test item correctly, their

change score turned out to be extremely large (i.e., a 25% increase). Furthermore,

this extremely wide range of possible change scores affected the standard deviations,

which in multiple cases were larger than the posterior mean estimates. As a result,

the posterior samples spanned a wide range of values and in all cases had zero in its

95% credible intervals, indicating that zero change was a possibility in the estimate.

On the first day, the pattern of change of the Thai L1 participants with lower English

proficiency (i.e., being more correct on the Thai-analogous encoding but less correct

on the English-analogous encoding) as opposed to that of the Thai L1 participants

with higher English proficiency (i.e., being more correct on both encodings) might

have been an artifact of the limited number of test items and the artificial scale of

change. If so, it is reasonable to speculate that, simply with more test items, the

hypothesized faster adaptation toward the Thai-analogous encoding among the Thai

L1 group with lower English proficiency may have been confirmed. On the second

day, response accuracy increased across the three linguistic profiles. For each profile,

roughly the same amount of change was observed (a difference of approximately three

percent). Nonetheless, in much the same way as the results of the first day, standard

deviations were large and the posterior samples were highly uncertain. These resulted

in an extremely wide range of Cohen’s d values. Accordingly, only one-third of the

distribution of the posterior samples fell inside the ROPE. It was established that,

in order to conclude that the improvement in response accuracy between the two

Ln-analogous encodings did not differ in a meaningful way, the 95% credible intervals

of Cohen’s d had to fall inside the ROPE. No such conclusion was reached.

It is important to stress that the decision not to repeat the same test items multiple

times was made to prevent any test-retest effect on SL performance (Siegelman et al.,
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2017). However, when change scores were derived from the small number of test items

as was the case in the present study, the results were not able to lend support to the

hypothesis of faster adaptation to participants’ L1-analogous encoding. The present

study highlights the trade-off between the ability of a test to detect the effect of

interest (a more positive change toward an L1-analogous encoding in this context)

and the test-retest effect on SL abilities.

One alternative analysis that may address the coarse-grained nature of the change

scores is to focus on trial-by-trial change. In this analysis, participants’ propensity

to respond is modeled as a function of trials such that a time course of adaptation

to each of the two encodings can be observed. This means that, on each day of the

experiment, the log-odds will be predicted from a continuous predictor, TestTrial in

the present analysis, which ranges from one to eight, and the interaction between it

and the Ln-analogous encoding. Such analysis can be conducted using additive mixed

models which require some changes in modeling assumption, namely the non-linear

assumption between predictors and outcome variable. This trial-by-trial analysis was

adopted by Montero-Melis and Jaeger (2019), for instance. In their case, the log-odds

were predicted from 32 trials. This large number of test trials made it possible to

observe a time course of adaptation. As in the present study, the number of trials

(n = 8 per encoding and day) is relatively small and thus such trial-by-trial analysis

may not be able to capture the pattern of change as hypothesized.

6.3 Individual-specific expectations

I argue that expectations for a certain tense-aspect encoding from prior learning ex-

perience influence adaptation to a novel tense-aspect system. This argument implies

that as language users become more sensitive to predictable associations that un-
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derpin a tense-aspect encoding of a given language, their expectations for that kind

of associations in a novel language should also become stronger. More informed ex-

pectations should thus lead to better identification of the relevant new associations.

The final research question (research question four) put this claim to the test by ask-

ing whether English tense-aspect cloze scores would have a positive influence on the

log-odds of correctly answering test sentences that mimicked the English-analogous

encoding in all participants, regardless of the status of English (i.e., as an L1 or Ln).

The cloze test served as a proxy measure of sensitivity to statistical regularities of

the English tense-aspect system, and only items that assessed the English Simple

Present and Past (n = 12) were used in the analysis as they tapped systematic asso-

ciations between adjacent linguistic elements that the English-analogous encoding of

the miniature language instantiated.

The results showed that participants who scored higher on the cloze test also per-

formed better on the English-analogous test trials (βCloze = 0.25, SD = 0.20). The

evidence for this positive relationship was not unequivocal as the 95% credible inter-

vals contained zero. Nonetheless, a majority of the distribution of posterior samples

(i.e., 90%) was positive. This means that the hypothesis could only be partially sup-

ported. Inconclusive evidence may be due to the number of the cloze test items (n =

12) coupled with the moderate reliability of the cloze (r = 0.63).

To ascertain that sensitivity to systematic associations underpinning the English

Simple Present and Past was relevant only to the adaptation to the English-analogous

encoding of the miniature language, I conducted an additional analysis that predicted

response accuracy on the Thai-analogous encoding from the cloze scores. There was

an extremely weak relationship (βCloze = 0.06, SD = 0.17, 95% CrI = [−0.29, 0.40]).

In this case, 63% of the distribution of posterior samples was above zero. This sug-

gests that the model was less certain about the positive effect of cloze scores on the
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adaptation to the Thai-analogous encoding. Furthermore, after removing participants

who were not able to provide correct translation of the stimuli, the effect of the cloze

scores became negative (βCloze = −0.42, SD = 0.36, 95% CrI = [−1.15, 0.28]), with

90% of the distribution lying below zero. Taken together, this additional analysis con-

firmed the finding that sensitivity to one kind of predictable associations (i.e., those

between verbs and inflections of the English Simple Present and Past assessed in the

cloze test) was useful for adaptation insofar as the novel regularities were analogous

to an existing one (i.e., for performance on the English-analogous test items only).

The current results suggest two general points that should be considered in future

SL research. Firstly, as individuals exhibit varying degrees of statistical entrenchment,

so too are their expectations for certain regularities in a novel language. Previously,

expectations for a particular syntactic structure have been quantified from a corpus

analysis (Fine et al., 2013); thus, they are predicated on the accumulated statistics

of the language as an abstract, collective repository, not individually benchmarked.

This form of analysis implies that native speakers converge on the same statistics,

something that usage-based scholars have argued to be an oversimplification for both

native and non-native speakers (Dabrowska, 2019). This notion has separately been

called into question by work that documents individual differences in SL abilities

(Siegelman, 2020; Siegelman et al., 2017; Wells et al., 2009). If native and non-native

speakers differ in the degree to which certain statistical regularities are entrenched

in their linguistic repertoire and if expectations are informed in part by statistical

information, expectations should thus vary as a function of individuals’ linguistic ex-

perience. Differing expectations among native speakers of English, for example, could

have been one reason why the effect of syntactic adaptation obtained with college

students at the University of Rochester by Fine et al. (2013) could not be replicated

with Amazon’s Mechanical Turk participants by Harrington Stack, James, and Wat-
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son (2018). In contrast to past research, I derived individual-specific expectations

from cloze scores that served as a proxy measure of sensitivity to adjacent predictive

dependencies. The findings showed that individual-specific expectations drove adap-

tation even when input statistics did not favor any particular distributional pattern,

since across all training modules, input was equally probabilistic and the TPs were

all equal across the two encodings.

Secondly, although the influence of prior knowledge on SL performance has long

been acknowledged (see, e.g., Frost et al., 2019; Hamrick & Sachs, 2018), previous

studies did not make explicit the reason as to why systematic patterns beyond co-

occurring syllables should impact word segmentation abilities of which tracking syl-

lable co-occurrence is key. In contrast, I showed that prior statistical knowledge in

one specific area of grammar and semantics in adults’ linguistic representation was

useful in helping learners adapt to a specific set of regularities in novel language input.

Figure 5.34 illustrated further that the effect of English cloze scores on response accu-

racy varied, with some test sentences benefiting more from higher tense-aspect cloze

scores. Siegelman et al. (2018) similarly reported that the statistical word segmen-

tation ability of Hebrew-speaking participants was mediated by the extent to which

artificial language words resembled Hebrew lexicon. This means that SL research

must consider (1) what kinds of statistical information participants bring to the lab;

and (2) how this set of information interacts with one another and with the novel

input (Frost et al., 2019). This issue is even more important in artificial/miniature

language-learning experiments with L2/Ln users to simulate Ln learning (Madlener,

2018), as participants bring with them not just one but a multitude of statistical

regularities from two or more languages.
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6.4 Two possible statistical learning computations for adapting to

novel tense-aspect encodings

Thus far, I have presented evidence that participants from the two L1 backgrounds

adapted differently to the miniature language input (i.e., the first research question)

though they seemed to show a somewhat similar margin of change in response accu-

racy (i.e., the second and third research questions). Tentative evidence also suggests

that variable sensitivity to systematic associations between verbs and morphemes in

the English Simple Present and Past predicted English L1 and Thai L1 participants’

adaptation to the English-analogous encoding (i.e., the fourth research question). In

light of expectations that participants brought to the experiment, it is worth consid-

ering how SL computation might have taken place in the present experiment.

Recall that the miniature language carried temporal meanings of completion and

continuation. Thus, successful identification of tense-aspect encodings of the miniature

language may require learners to go beyond simply tracking co-occurring statistics in

the input, as was the case in previous SL studies with an artificial language that bore

no meaning. In light of the contribution of participants’ prior probabilistic knowledge

in SL experiments (e.g., Onnis & Thiessen, 2013; Siegelman et al., 2018), it is also

important to consider how this variable knowledge is made use of in statistical compu-

tation (Siegelman et al., 2019). While the present study was not set up to test specific

claims about computation during initial exposure to a novel tense-aspect system in

the miniature language, in this section, I delineate learning processes that may have

taken place with regards to two views of SL of language.

One process that learners may have utilized concerns statistical tracking. As learn-

ers performed this computation to learn their first language(s), they are equipped

with statistical clustering strategies (Swingley, 2005) that can be utilized in a new
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language. According to this statistic-based computation, learners rely on statistical

information, including TPs, to parse continuous speech into meaningful units. For

example, infants have been shown to become tuned to transitions between syllables

(Saffran, Aslin, & Newport, 1996) and to frequency counts of sounds (Maye et al.,

2002). This form of statistical tracking can help child language learners find mean-

ingful clusters of their native language(s) (e.g., Kovács & Mehler, 2009; Saffran &

Kirkham, 2018). To learn a tense-aspect encoding, learners may employ the same

process of statistical tracking to extract verbs and inflectional morphemes as one

cluster. Such statistical clustering strategies can likewise subserve the acquisition of

word meaning (e.g., Yu & Smith, 2007) and may as well be employed to help learners

to discover the pairing between temporal meaning and its form-based clusters (e.g.,

completion reading and VERB+ed).

Extending this statistic-based computation to the current miniature language ex-

periment, one would assume that learners generated expectations for L1-analogous

associations as a function of statistical information. Since adult participants tracked

and extracted verb-morpheme clusters along with its associated temporal meaning

from past learning, they were predisposed to track the TPs of an analogous cluster

in the miniature language that happened to encode the same temporal meaning as

that of their L1. As Thiessen et al. (2016) argue, prior learning tunes adult learners’

attention to features that are similar to the ones they have in their representation,

which may come at a cost of disregarding novel features. Consequently, when the En-

glish L1 participants were presented with the English-analogous encoding, they might

have registered the transition from verbs to morphemes of the miniature language in

a more efficient way, which led to better identification of the encoding. The opposite

could have been the case with the Thai L1 participants tracking the Thai-analogous

encoding. This situation was aided by the fact that the temporal marking was placed
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at the edge of the sentence, which facilitated detection (Endress & Mehler, 2009).

How might this preference arise, given that the TPs were exactly the same across the

two encodings? Evidence from neuroimaging studies suggests that past experience

can provide top-down expectations that guide real-time processing of sensory input,

sometimes filling in patterns when none exists (e.g., A. Clark, 2013; de Lange et al.,

2018). Skoe et al. (2015) provided supporting neurophysiological evidence for better

identification of a familiar pattern that conformed to participants’ expectations, as

opposed to a less familiar one that did not. In their study, participants were exposed

to two patterns of tones that had the exact same TPs. The only difference was in

the fact that one tone pattern sounded more musical than the other. Participants

only performed above chance in the more musical pattern, and the electrophysiologi-

cal activities of the brainstem differed from those during the presentation of random

tones whereas the reading during the less musical pattern did not. Skoe et al. argued

that the brainstem served as an processing hub that imposed expectations from prior

experience onto statistical tracking of sensory stimuli.

Another process that could explain learners’ adaptation to the miniature language

involves chunking. Prior language-learning experience may equip adult learners with

meaningful chunks as a unit of analysis (Perruchet, 2019). According to this chunk-

based computation, learners group a continuous speech stream into small, overlapping

units. For instance, upon hearing “alittleredhat” for the first time, a learner may

form units such as alit/tle/red/hat or a/lit/tlered/hat, among many other possible

units (see, e.g., Frank, Tily, Arnon, & Goldwater, 2010, for discussion of possible

assumptions regarding segmentation). Over the course of learning, units that are

legal will resurface and compete with illegal ones. To illustrate, the unit “ared” may

only appear when the phrase “a red NOUN” is uttered but this illegal unit will face

competition from the chunk “red” in many other instances (e.g., a red car, red trains,
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he’s red, and two red hats). Thus, correctly-segmented units are more likely to be

activated than illegal ones are. As they are selected less often, the activation of the

incorrect units decays. Finally, with interference from correct units, illegal ones are

slowly phased out of the system. In describing how chunking can lead to correct

segmentation of speech, chunk-based simulation models often rely on memory-centric

processes of activation, decay, and interference as discussed above (Christiansen, 2019;

Perruchet & Pacton, 2006; Thiessen & Pavlik, 2013).

How might chunking operate during initial exposure to the tense-aspect encodings

of the miniature language? In one possible scenario, chunks that learners formed in

response to prior learning of temporal marking in their L1 offered them one clue as to

how linguistic units in a novel language could potentially be grouped. In other words,

existing chunks from participants’ L1 could serve as familiar units in subsequent

processing (e.g., Perruchet, Vinter, Pacteau, & Gallego, 2002). Consequently, in half

of the input where this expectation was useful, chunking was likely to proceed with less

interference, resulting in better identification of the L1-analogous encoding. Evidence

for the impact of pre-existing chunks on statistical word segmentation ability has

been shown in Poulin-Charronnat et al. (2017). In their study, a subset of French L1

participants were presented with part-words of a three-word artificial language. For

instance, in an artificial language consisting of a sequence ABCDEFGHIDEFABC,

participants were pre-trained with part-words such as BCD and EFG. These items

were in conflict with the TPs of the language; all three legal trigrams ABC, EEF, and

GHI had a word-internal TPs of 1.0. Poulin-Charronnet and colleagues found that

at test the pre-trained group showed preference for part-words over words while the

control group, who was not presented with any plausible grouping of the language,

successfully segmented the language by relying on the statistical information. The

findings showed that because of their perceptual salience, existing units could serve
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as an anchor to segment an artificial language, overriding statistical information that

was present in the input (Lew-Williams & Saffran, 2012; Perruchet et al., 2014). It

is important to note that the contribution of chunks in L2 learning has long been

acknowledged in SLA (e.g., Ellis, 2005; Hamrick, 2014; Robinson, 2005) with greater

impetus in recent years from usage-based studies (e.g., Arnon & Christiansen, 2017;

Arnon & Snider, 2010; Bannard & Matthews, 2008). However, these studies, as well

as existing SL research, focus on early-formed chunks in a target artificial or natural

language on subsequent learning of the same language. In contrast, the present work

claimed that existing chunks in one language may guide chunk formation in another.

It is important to note that these two processes, statistical tracking and chunking,

are highly likely to be complementary of one another (Christiansen, 2019). Addi-

tionally, while learners may develop preferences for one form of computation over the

other, they are likely to perform both kinds in a given SL task, as aptly demonstrated

by Siegelman et al. (2019). This could also be the case in the present experiment. Dur-

ing the first pass, participants may have grouped the input into several large units,

which could then be subject to further statistical analysis (e.g., the chunk-and-pass

account in Christiansen & Chater, 2016). This two-stage computation fits well with a

usage-based account of language learning. In this, initial learning depends on unan-

alyzed chunks (“I don’t know”). As input amasses, learners can gradually transition

to more frame-based patterns (I don’t VERB) where they can begin to analyze and

track the relationships between linguistic elements (e.g., Arnon & Christiansen, 2017;

Ellis & Ferreira-Junior, 2009).
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6.5 Limitations

As with every study, the limitations of the present study must be acknowledged, and

they concern experimental scope, statistical analysis, and test reliability.

The first and most important limitation pertains to the nature of the experimental

scope. Within this, three issues merit consideration in future research. Firstly, the

number of predictive dependency test items was small. A larger set of test items

would substantially reduce variability (i.e., SD) and increase precision of the group

average. This would also improve parameter estimates of the Bayesian multilevel

(logistic) regression model. The relatively small number of test items led to a highly

unstable estimate of change scores in the second and third research questions. As

discussed in Section 6.2, for instance, with one additional correct answer, a change

score increased by 0.25 (or 25%). Doubling up a number of test items, which implies

creating a miniature language with a larger vocabulary inventory, is arguably the

most plausible and easiest option to address this issue in future studies. Furthermore,

increasing the number of test items, rather than repeating them more than one time

during the test, ensures that each trial still is an independent, identically distributed

random variable and that a confounding test-retest bias can be controlled (Siegelman

et al., 2017).

Secondly, with regard to the assessment of SL performance, the predictive depen-

dency test probed whether participants were able to correctly match a picture with

tense-aspect encoding in the test sentence. To track adaptation to each of the two en-

codings over the course of the experiment, participants were tested immediately after

each of the four training modules. This design made the present dissertation uniquely

different from a majority of SL studies, which tend to employ a 2AFC test only once

after a single familiarization phase is over. Such approach makes it difficult, if not
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impossible, for researchers to see how participants gradually adapt to novel statistics

in light of the input. While the use of repeated testing in the present study offered

an opportunity to capture a pattern of change, it still did not tell us anything about

how readily participants adapt to each tense-aspect encoding in real time. By design,

2AFC tasks such as the predictive dependency test can only tap into SL abilities after

input processing has taken place (Christiansen, 2019; Frost et al., 2019). It is unclear

whether better adaptation to the L1-analogous tense-aspect encoding observed in the

present study was a result of a more efficient processing of such regularities in the

input, for instance. To probe this issue, it is important to triangulate an offline test

with an online measure such as reaction time and eye gaze (Batterink & Paller, 2017;

Hamrick & Sachs, 2018; Wonnacott et al., 2008).

Lastly, no information about participants’ individual differences beyond English

proficiency was collected. Other aspects of linguistic experience that may partially

overlap with proficiency would have also been useful to measure, such as vocabulary

size or degree of familiarity with print literacy, because they are known to correlate

with other individual differences such as verbal working memory that may have mod-

ulated performance on the SL experiment. For example, Farmer et al. (2017) found

that linguistic experience, as gauged by a print author recognition test and a vo-

cabulary size test, correlated with verbal working memory. Moreover, as discussed in

Section 6.2, collecting participants’ performance on a verbal working memory measure

would have been desirable, and statistically controlling for it could have helped eluci-

date why participants did or did not differ in their adaptation to the two Ln-analogous

encodings.

A second area of limitation is with regards to statistical analysis. In this study,

all prior distributions were specified to be weakly informative to cover a wide range

of possible values and could not depend on any specific published work, as none
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was available to guide the decisions. In several cases, priors were assessed with re-

gard to the prediction accuracy of resulting models. A more principled workflow of

Bayesian data analysis has been proposed by Schad, Betancourt, and Vasishth (2019)

for cognitive scientists to assess the fit of the model, including prior predictive checks

and posterior predictive checks. Undertaking such a more systematic approach will

certainly add clarity to the process that went into the analysis of the data. It is im-

portant that prior specifications, in particular, and Bayesian data analysis, in general,

be discussed thoroughly in order to facilitate its adoption in linguistics and its related

disciplines.

The final limitation to mention in the area of statistical reliability concerns the

English tense-aspect cloze test. While the reliability of the test was within an ac-

ceptable range, the two subparts (one testing adjacent and the other, non-adjacent

dependencies) were moderately reliable. This may have been due to the small number

of test items per subpart, which in turn affected the spread of the scaled cloze scores

when used in the experiment. The fact that the credible intervals of the posterior

distribution of the effect of scaled cloze scores included zero might stem from a com-

bination of the small number of predictive dependency test items and a less than ideal

reliability of the cloze test scores.

6.6 Future directions

The present study drew from distinct lines of inquiry to investigate the impact that

prior linguistic knowledge has on adult learners’ adaptation to novel tense-aspect en-

codings during an initial stage of language learning. Despite its novel contributions

to the SL and the linguistic transfer literature, it leaves a number of questions unan-

swered. I discuss two research areas that follow naturally from the present study and
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will contribute to a better understanding of the interaction between prior linguistic

knowledge and L2/Ln input if pursued in the future.

First, each language’s tense-aspect system consists of multiple statistical patterns,

with each having a different degree of predictability. In a miniature language that con-

tains both adjacent and non-adjacent dependencies between two linguistic elements,

it is reasonable to ask if adult learners will track and adapt to their L1-analogous

encoding even better. With a larger set of statistical regularities per L1-analogous

encoding, it is also possible to test whether participants’ performance differs along

the L1-analogous encoding or the adjacency type. Difference along the former axis can

offer stronger evidence that adult learners form expectations based on L1 statistics.

Relatedly, principal component analysis can indicate if predictive dependency test

scores do form a researcher-defined hierarchical order, which can be taken to suggest

that expectations come from hierarchical probabilistic inference. Complementary to

this research area is a detailed distributional analysis of the tense-aspect systems

at hand (here, for example, English and Thai) in order to draw more detailed cross-

linguistic comparisons and predictions. Preliminary results of the English tense-aspect

system can be found in Janciauskas and Chang (2018) and Wulff et al. (2009) and

should inform future work along this line.

Second, adult participants differ in their individual differences. Previous work

shows that verbal working memory and linguistic experience can influence online

processing of syntactically ambiguous sentences (e.g., Farmer et al., 2017) and offline

comprehension of constructions (e.g., Jackson, 2014; James et al., 2018). Thus, it is

important to consider additional measures of individual differences. For studies such as

this one that test participants from different L1 backgrounds, it may be appropriate to

use a non-linguistic verbal working memory test. Relatedly, individuals differ in their

SL abilities (e.g., Misyak & Christiansen, 2012), and this is also true with bilinguals as
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much as monolinguals (e.g., Bulgarelli et al., 2019; Onnis et al., 2018; Yim & Rudoy,

2013). Thus, it is important to establish that participants with different linguistic

profiles (e.g., more bilingual versus more monolingual participants) have similar SL

abilities. This will help ensure that, for example, participants’ probabilistic preferences

for a particular pattern are not driven by differing SL abilities.

By considering statistical regularities that underpin tense-aspect systems, this dis-

sertation sheds new light on sequential L2/Ln learning. Specifically, it considers what

form of distributional information is available in adults’ linguistic repertoire and how

this information is made use of as adults attempt to learn a new language. It is hoped

that this work will spur other researchers to a more vigorous investigation of linguis-

tic transfer, in particular, and L2/Ln learning, in general, from a more probabilistic

viewpoint.
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Appendix A

Consent Forms

You are invited to participate in a research study on language learning, which is con-

ducted at the Department of Linguistics, Georgetown University. In this experiment,

you will be asked to watch short videos and listen to sentences that describe images.

Participation in this study is entirely voluntary at all times. You can choose not to

participate at all or to leave the study at any time. Regardless of your decision, there

will be no effect on your relationship with the researchers or any other consequences.

If you agree to participate, you will be asked to take part in the experiment over

a three-day period. On each day, you will be asked to sign in and provide a subject

identification number (subject ID) to the researchers. You will then be guided through

learning materials. The researchers will be present to assist you with any issue(s) you

may have.

If you have any questions regarding this research project in general, please con-

tact the principal investigator, Sakol Suethanapornkul (ss3302@georgetown.edu), or

his faculty advisor, Dr. Lourdes Ortega (Lourdes.Ortega@georgetown.edu). If you

have any questions about your rights as a research participant, please contact the

Georgetown University IRB at (202)-687-1506 or irboard@georgetown.edu.

By signing this form, you affirm that you have met all of the following criteria and

are willing to take part in this project:
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� I am at least 18 years old;

� I am currently an undergraduate student; and

� I grant my permission for the information to be used in the research.

Subject ID: Day (circle one): 1 2 3

Signature:
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Appendix B

Language-Learning Questionnaire

Instructions: Please provide information about your language learning experience.

Group-level information from this questionnaire will be used solely for reporting. No

identifiable information will be kept or reported in any published study.

Demographic information

1. Age:

2. Gender (Select one):

� Female

� Male

� Non-binary third gender

� Prefer not to say

3. Education (Current or most recent educational level, even if you haven’t completed

the degree):

� Bachelor’s

� Master’s

� Ph.D./Ed.D./M.D./J.D.

4. Which language(s) did you grow up with? Check all that apply:

� American English

� African American English
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� Native American Languages

� French

� German

� Russian

� Spanish

� Arabic

� Chinese

� Hindi

� Japanese

� Korean

� Tagalog

� Vietnamese

� Others:

Language Ability

Rate your abilities in the language(s) you know and how often you use each one. Read

the instructions carefully to find out which language you are asked to rate.

5. Rate your English abilities in terms of listening, reading, speaking, and writing

skills:

Listening
1 Very poor 2 Poor 3 Limited 4 Functional 5 Good 6 Very good 7 Native-like

Reading
1 Very poor 2 Poor 3 Limited 4 Functional 5 Good 6 Very good 7 Native-like

Speaking
1 Very poor 2 Poor 3 Limited 4 Functional 5 Good 6 Very good 7 Native-like

Writing
1 Very poor 2 Poor 3 Limited 4 Functional 5 Good 6 Very good 7 Native-like
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6. Estimate how many hours per day you spend engaged in the activities listed below

in English. (Please report time in decimals. For instance, 30 minutes is equal to 0.5.):

Activities Amount of use
Watching television: (hrs)
Listening to radio: (hrs)
Reading for fun: (hrs)
Reading for school/work: (hrs)
Writing for school/work: (hrs)
Texting, chatting, social-media use: (hrs)
Online gaming: (hrs)

7. Do you speak any other languages beside English?

� Yes

� No

8. Currently, what is your next best language after English?:

9. Rate your current abilities in [Language X] in terms of listening, reading, speaking,

and writing skills:

Listening
1 Very poor 2 Poor 3 Limited 4 Functional 5 Good 6 Very good 7 Native-like

Reading
1 Very poor 2 Poor 3 Limited 4 Functional 5 Good 6 Very good 7 Native-like

Speaking
1 Very poor 2 Poor 3 Limited 4 Functional 5 Good 6 Very good 7 Native-like

Writing
1 Very poor 2 Poor 3 Limited 4 Functional 5 Good 6 Very good 7 Native-like

10. Estimate how many hours per day you spend engaged in the activities listed below

in [Language X]. (Please report time in decimals. For instance, 30 minutes is equal

to 0.5.):
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Language: Language:
Watching television: (hrs)
Listening to radio: (hrs)
Reading for fun: (hrs)
Reading for school/work: (hrs)
Writing for school/work: (hrs)
Texting, chatting, social-media use: (hrs)
Online gaming: (hrs)

Thai L1 participants completed the questionnaire translated into Thai with some

minor changes. Specifically, they were asked to rate their Thai proficiency before

English. They were also prompted to rate another language, in addition to Thai and

English, if they reported knowing one. As for the language(s) with which they grew

up, Thai L1 participants were given the following list of languages and/or dialects:

Standard Thai, Northern Thai, Northeastern Thai, Southern Thai, Khmer, Teochew,

Mandarin, Burmese, Bahasa Melayu, Mon, Lao, English, Other.

309



Appendix C

Instruments: Proficiency Tests

C.1 English tense-aspect morphology cloze test

Direction: The passages below have some words missing. First, read the passage to

get the general meaning. Then, go back to the beginning of the passage and write the

missing word in the blank, using the word after the blank. If you are not sure of an

answer, leave it blank and continue on to the next question.

Passage 1

It was almost 5 pm, and I was getting ready to go home. As soon as I (start)

packing up my bag, my boss (ask) to talk to me. “I (go) home,” I said.

But he replied: “Your budget report isn’t complete. I (need) to ask you to revise

the paper.”

Passage 2

Libraries today are different from those in the 1900s. For example, the contents of

libraries (change) greatly. In the 1900s, libraries (be) simply collections of

books. However, today most libraries (become) multimedia centers that contain

computers, films, magazines, music, and painting. Today, libraries are for everyone.

Passage 3

I am sitting in the library with my two friends, Jane and Pam. They (work)

on their research project. Pam (be) very difficult to work with. For every one
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of Jane’s ideas, Pam (respond): “Wow, that (sound) good.” But minutes

later, she (say): “I don’t like that idea anymore. Our plan (seem) horrible.”

I (become) more and more annoyed with Pam. She (keep) Jane here the

whole night with that attitude!

Passage 4

John loves studying history. Since the beginning of the semester, John (finish)

three history books! He told me he (learn) a lot about world history and im-

portant people from these three books. Currently, John (read) a book about

the American Civil War, and he (intend) to finish this book by next week.

Passage 5

There has been an increase in terrorist attacks in Europe. Just two days ago in London

a bomb (explode) and (kill) ten people. Six more people were wounded.

Three later (die) at the hospital. Although the police still (look) for two

suspects, they (locate) an area outside London where these suspects may be

hiding.

Passage 6

Yesterday was a very bad day. My car (break) down in the morning. While I

(wait) for help, another car (crash) into mine. I was so shocked that I

(panic)! So, I (go) inside my car to get my phone. Unfortunately, the

driver (disappear) before I (come) back out!

Passage 7

Min doesn’t like his current job. So now he (send) his résumé to several compa-

nies. Because it’s not hiring season, no one (consider) his application so far. But
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he hasn’t given up. He (hope) to find a new job soon. In fact, he is optimistic

he (find) the best job.

Passage 8

I am very excited! I really (mean) it. My friend (come) to visit me. In

fact, he (move) to the United States! When he gets here, I (take) him

to an old church near my apartment. Also, I (guess) I (make) him some

Chinese food. He (see) what a good chef I am.

Passage 9

The president’s actions have had a big impact on many immigrant communities. One

family has relatives who (hope) to move to the United States this year. But,

their situation (get) more difficult because of the new ban. We think a new era

of the United States (arrive). We’re not sure if our country (continue) to

welcome refugees in the future.

Passage 10

People who work for the government are usually not in it for money or fame. They

(tend) to believe they can change people’s lives by doing something good. A

wise man once (tell) me: “Ninety percent of the good things you do, no one

(know) about.” If you want fame and appreciation, you need a different job.

Passage 11

I’m not able to reach Mr. Smith. I (begin) calling him three days ago. Since

then, I (call) him four times. I (message) him twice on Facebook. And I

(send) at least six emails. I don’t think modern communication means much if

there’s no one at the other end.
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C.2 English language proficiency test

C.2.1 Grammar

Direction: Choose the word or phrase that best completes the conversation or sen-

tence.

1. Which government department is

charge of the highways?

(a) with

(b) in

(c) on

(d) under

2. All laptops have to be checked, so

it’s important before passing

through the security gate.

(a) to take out those

(b) to take them out

(c) taking them out

(d) taking out those

3. Do we have to do the same exper-

iment yesterday?

(a) how it was

(b) like we have done

(c) we had done

(d) as we did

4. They say that thirty days to

break a bad habit.

(a) takes

(b) it takes

(c) will take

(d) to take

5. Let’s go get lunch. I’m dying of

.

(a) the hunger

(b) hunger

(c) hungry

(d) hungering

6. I need the corrected version of the

client’s contract on my desk .

(a) as soon as she arrived

(b) by the time she arrived

(c) by the time she arrives

(d) while she is arriving
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7. She bothered staying home if

she’d known the delivery wasn’t

going to arrive.

(a) could not have just

(b) hardly will have

(c) never would have

(d) even might have

8. You shouldn’t say scary

things.

(a) that

(b) so

(c) as

(d) such

9. I managed a little work done

while I was on vacation.

(a) doing

(b) getting

(c) to do

(d) to get

10. I enjoyed the literature course but

wish I more time to read each

novel.

(a) had had

(b) could have

(c) would have

(d) will have had

11. The company accused their sup-

plier the terms of the produc-

tion agreement.

(a) to break

(b) had broken

(c) of breaking

(d) breaking

12. “I don’t know this evening or

not. Do you?”

“No, but I’ll give her a call.”

(a) when Janet will come

(b) that Janet comes

(c) whether Janet is coming

(d) why Janet came

13. At the local supermarket, they

place that have been reduced

in price near the checkout.

(a) any item

(b) every item

(c) all of the items

(d) much of the items

14. They couldn’t find any curtains

they liked in the shops, so they

by a local company.

(a) made some

(b) had some made
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(c) had done these

(d) did these

15. he’s quite shy, our new boss

is very good at talking to clients.

(a) Even so

(b) However

(c) Despite

(d) Although

16. The teacher wouldn’t go

home early.

(a) had been letting the students

(b) have let students to

(c) let students to

(d) let the students

17. It is very difficult for some people

to find a job they are .

(a) satisfied with

(b) satisfied for

(c) being satisfied

(d) satisfied

18. I loved the airplane trip! My only

would be about the terrible

food.

(a) complaint

(b) complaining

(c) complains

(d) complain

19. Greg was thinking abroad to

study Chinese.

(a) if he may go

(b) that he might go

(c) whether he goes

(d) over he would go

20. There is a pharmacy a few

minutes’ walk from the doctor’s

office.

(a) conveniently located

(b) a convenient location

(c) easily located

(d) to locate easily

21. “Do you remember the name of the

guy me yesterday?”

“No, sorry, he didn’t leave his

name.”

(a) that called by

(b) which called at

(c) whom called to

(d) who called for

22. I spent last three summers

working at my aunt’s store.

(a) most of the

(b) most of
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(c) the most

(d) the most of the

23. running twice a day, I im-

proved my health.

(a) If

(b) For

(c) At

(d) By

24. No one called while I was in the

meeting, ?

(a) were they

(b) haven’t they

(c) didn’t they

(d) did they

25. Don’t forget that the new washing

machine this afternoon.

(a) to be delivered

(b) will deliver

(c) is delivering

(d) is being delivered

26. “Are we lost?”

“Yeah, I think we left at the

previous intersection.”

(a) will turn

(b) might have turned

(c) should have turned

(d) may be turning

27. He sat down on a bench and called

the office for his train.

(a) while he had waited

(b) while waiting

(c) since waiting

(d) since he had waited

28. Manufacturing companies

these probably won’t survive un-

less they cut labor costs.

(a) such like

(b) such as

(c) so as

(d) so like

29. “Are we leaving the museum now,

sir?”

“Yes. Please get on the bus with

the others. back to school.”

(a) There’s time to have gone

(b) It’s time we went

(c) We have time for going

(d) At this time we go

30. His boss wants the financial report

finished Friday.

(a) before

(b) until
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(c) to

(d) at

31. Too bad. This shop has

chocolate nor lemon ice cream, our

favorite kinds.

(a) none

(b) either

(c) nor

(d) neither

32. A swim in the pool always makes

me feel .

(a) refreshed

(b) refreshing

(c) refresher

(d) to refresh

33. The date of the meeting should

be changed there is a serious

problem.

(a) if and only if

(b) if only

(c) and only when

(d) when only

34. A huge misunderstanding resulted

one careless comment.

(a) at

(b) to

(c) from

(d) of

35. “Are you having problems with

the experiment, too?”

“Yes. There must be an easier way

it than this!”

(a) doing

(b) for doing

(c) of doing

(d) be doing
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C.2.2 Vocabulary

Direction: Choose the word or phrase that most appropriately completes the sen-

tence.

1. By the second week of the new

semester, the summer vacation

felt like memory.

(a) an external

(b) an outside

(c) a separate

(d) a distant

2. It was the of the movie that

a lot of people didn’t like, as it

lasted over three hours.

(a) length

(b) depth

(c) extent

(d) stretch

3. They’ve a lot of time into

making this work properly.

(a) voted

(b) donated

(c) invested

(d) defined

4. The package was with pretty

blue paper.

(a) connected

(b) wrapped

(c) attached

(d) fitted

5. Because of the quick growth of her

company, Karen decided to look

for a business .

(a) component

(b) remedy

(c) partner

(d) investigation

6. After students finish their art-

work, the teacher will put the best

pieces on on the classroom

wall.

(a) broadcast

(b) demonstration

(c) arrangement

(d) display

7. The end of the game was very

when Perez scored in the fi-

nal minute.
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(a) nervous

(b) excited

(c) live

(d) dramatic

8. The large yellow flower many

bees.

(a) included

(b) composed

(c) attracted

(d) inspected

9. Barbara didn’t want to buy the

cheese unless she could try

first.

(a) a fraction

(b) a sample

(c) an example

(d) a part

10. The security officer is on over

the weekend when the office is

closed.

(a) duty

(b) commitment

(c) function

(d) occupation

11. As the rain got heavier people be-

gan to take in the doorways

of various buildings.

(a) barrier

(b) shelter

(c) comfort

(d) shade

12. Because the town had grown so

much, the school was completely

to accommodate the growing

student population.

(a) restored

(b) fixed

(c) rebuilt

(d) painted

13. The children were already awake

and when I went to their bed-

room to get them up.

(a) bending

(b) twisting

(c) shrugging

(d) stretching

14. Steve was interested in buy-

ing the car, but changed his mind

when he saw the price.

(a) initially
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(b) approximately

(c) entirely

(d) perfectly

15. This paint is too for the color

of carpet they’ve chosen.

(a) pale

(b) weak

(c) faint

(d) gentle

16. If the factory’s employees are

working overtime, they have to

for at least an hour in be-

tween shifts.

(a) interrupt

(b) delay

(c) rest

(d) react

17. With a little work, Susan was

able to locate relatives living in

the United States.

(a) security

(b) detective

(c) exposed

(d) authority

18. Children need their parents’

to go on the school trip.

(a) admission

(b) permission

(c) introduction

(d) transition

19. Unfortunately, the antiques dealer

told Jim that the Chinese vase

wasn’t very .

(a) appreciated

(b) admired

(c) valuable

(d) regarded

20. I know you’re going to be busy af-

ter you move, but please .

(a) keep in touch

(b) stick around

(c) get the message

(d) make a sound

21. The goods are taken from the fac-

tory and straight onto the

truck.

(a) weighed

(b) stored

(c) loaded

(d) supplied

22. Only the team’s captain had

to the equipment room.
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(a) opening

(b) passage

(c) access

(d) entrance

23. Mary was upset when she

heard the news.

(a) knowingly

(b) prominently

(c) watchfully

(d) visibly

24. Unfortunately Cindy didn’t

her report before she turned it in,

and her teacher found several mis-

spelled words.

(a) edit

(b) research

(c) print

(d) submit

25. the homework didn’t look

very difficult, but it took me all

day to complete!

(a) Just a peek at

(b) Catching a glimpse of

(c) By first light

(d) At first glance

26. Sally around the shopping

center all afternoon, leisurely

looking into all the shop windows.

(a) danced

(b) rushed

(c) raced

(d) wandered

27. Tell him not to with the re-

ceipt, since we don’t need it.

(a) mind

(b) bother

(c) stress

(d) concern

28. Matt took his time with the math

assignment, so he could make sure

his figures were .

(a) proper

(b) accurate

(c) distinct

(d) sharp

29. The money that the farmers re-

ceived from the government was

for the of tools and seeds.

(a) offer

(b) gain

(c) assumption
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(d) purchase

30. To ensure we from the new

machinery, it’s important that ev-

eryone knows how to use it.

(a) benefit

(b) advance

(c) assist

(d) proceed

31. Elaine will graduate as soon as she

her coursework.

(a) writes

(b) solves

(c) completes

(d) decides

32. He his car with a new one.

(a) renewed

(b) returned

(c) replaced

(d) revised

33. Chris felt that he should be

the one to give the presentation to

the potential client.

(a) extremely

(b) strongly

(c) fairly

(d) precisely

34. Management has a new set of

rules for employees in training.

(a) issued

(b) concluded

(c) deserved

(d) perceived

35. It was the last game of the season

and there was the most amazing

in the stadium.

(a) observation

(b) appearance

(c) manner

(d) atmosphere
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Appendix D

Coding Scheme: Debriefing of the Meanings of the Stimuli

A coding book was developed to codify participants’ translation. To assess partici-

pants’ understanding (or lack thereof) of the two intended meanings of the miniature

language stimuli, eight translated sentences were evaluated by two raters, and a score

of 0, 1, and 2 was assigned to each participant’s overall translation. The following

information was given to the two raters.

1. A score of 0 indicated that participants did not grasp any of the intended

meanings. The score is associated with one of the following characteristics:

• A majority of the miniature language sentences (5 or more) were translated

into English or Thai using one grammatical form or meaning. For example,

a translation, “a boy is reading a book ”, was supplied for all four sentences,

namely jark dola katon-et, jark dola katon-an, jark dola katon lon-beng,

and jark dola katon bef-dit. In other words, the exact same translation was

given, collapsing the two distinct meanings. Note that the sentences may

be translated using a progressive marker (e.g., -ing). Insofar as the marker

was used indiscriminately, the translation indicated a lack of understanding

of the meanings;

• A majority of sentences (5 or more) do not express the two intended mean-

ings: completion and continuation, either through lexical (e.g., finished
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writing) or grammatical means (e.g., an inflectional morpheme in English

or aspect markers Thai); or

• No translation was attempted.

2. A score of 1 indicated that participants picked up on one of the two intended

meanings consistently. The score is associated with one of the following charac-

teristics:

• Three out of four sentences that belong to the same target meaning (com-

pletion or continuation) were translated in a similar and consistent way;

• The translation of these three (or four) sentences contained target gram-

matical or lexical encoding. For instance, the translation of the two minia-

ture language sentences, jark dola katon-et and jark dola katon bef-dit,

had a progressive marker kamlaN or inflectional morpheme -ing to express

continuation. It is acceptable for sentences containing English- or Thai-

analogous patterns of predictive dependencies to be translated with the

same grammatical or lexical encoding; or

• While one meaning was translated consistently with target grammatical or

lexical encoding, the other was not. That is, only one out of four translated

sentences vaguely expressed an intended meaning.

3. A score of 2 indicated that participants comprehended the two intended mean-

ings. The score is associated with one of the following characteristics:

• A majority of sentences (6 or more) were translated into English or Thai

using target grammatical or lexical encoding for both completion and con-

tinuation meaning. It is acceptable for sentences containing English- or
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Thai-analogous patterns of predictive dependencies to be translated with

the same grammatical or lexical encoding; or

• The two intended meanings (completion and continuation) were clearly

evident in the translation. It is possible that one set of meaning was gram-

matically marked while the other, lexically marked (e.g., with verbs such

as continue, finish, or stop).
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Appendix E

Supplementary Materials

Figure E.1 shows that slopes differed across participants and test sentences whereas

Figure E.2 plots proportion of correct responses by test sentences (32 in total). Note

that sentences are arranged on the x axis by testing sessions, beginning with the

English-analogous encoding. Order numbers do not reflect the actual sequence of

test items during test. These two figures illustrate the fact that participants from

the two L1 backgrounds performed differently on the two Ln-analogous tense-aspect

encodings. In addition, within each group, the rate of accuracy was not the same, as

evidenced in the slopes of each participant.

Parameter estimates from the two models predicting rate of change from partici-

pants’ English proficiency are reported below.
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Figure E.1 Linear model for participants overlaid on top of test scores

327



Figure E.2 Proportion of correct responses by test sentences (32 in total)

328



Table E.1 Parameter estimates of the model predicting rate of change from partici-
pants’ English proficiency

Parameters
Estimates

Mean SD 95% CrI Bulk samples Tail samples R̂

1. Rate × Proficiency
α 6.20 1.28 [3.69, 8.79] 18041 8587 1.0
Proficiency -2.85 2.32 [-7.32, 1.72] 16871 8750 1.0
σ 25.06 0.89 [23.39, 27.87] 14612 8461 1.0
σ[ID] 1.14 1.13 [0.03, 4.33] 5076 5676 1.0

2. Rate × Language background
α 6.20 1.31 [3.66, 8.73] 26803 8235 1.0
Above-median -1.07 1.68 [-4.34, 2.18] 20108 9792 1.0
Below-median 2.30 1.71 [-1.07, 5.65] 22041 8855 1.0
σ 25.09 0.89 [23.43, 26.86] 28658 8480 1.0
σ[ID] 1.13 1.13 [0.03, 4.22] 7136 6927 1.0
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