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Abstract

Evidence suggests thatdividual differences in cognition can influence cortical
processing of language violations,diferencesare associated witheural recruitment
Individual differences have been found to affect two ERP components that are commonly
referenced in studies of language processing. Tlaeséhe N400, a negativgoing deflection
with a central parietal distribution, which is sensitive to violations of sdémaxpectation, and
the P600, a positive response seen to violations of phrase structure. Déspit@ctthat
measurable individual differences might influence the latency and topography of these
responsesindividual differences icognition are rarelgonsidered, and the ideal method to
account for them irERP studielsas not been explored.

This research investigatémitations instatistical approaches for investigating the
relationship between ERPs and individual differentégse analysasse thiee techniquesFirst,
model selection processes are evaluated in order to circumvent problems associated with
multicollinearity among numerous individual difference measures. This includes selection of the
measures evaluated, depiction of interactions, apecification of random effects. Outcomes of
userspecified parameters in each area are characterized to identify an ideal model selection
process for a typical EEG data set. Second, by relaxing the assumption of linearity in interactions
we aimed to chaacterize important details that may be lost when only identifying linear effects.
The guestion of sample size required to sustain nonlinear interactions was addressed by using
simulatedmanipulationsof sample size to evaluate the propensity for o¥igti ng with
polynomial functions. Third, a ngmarametric approach was used to charactetiz¢h response
topographies and individual difference measure effects through-daitzen means, avoiding the
requirement to specifia prioriregions of interesor proficiency bindor significance testing.

Appropriate use cases and limitations for edebhniqueare discussed alongside
recommendations for implementing them into future investigations of individual differences in
language processing. Consideraganade during model specification, both in terms of effect
inclusion and the complexity of nonlinear interactions, may improve sensitivity to subtle effects.
Moreover, combined with datalriven selection of scalp regions or proficiency bins, the reader is
presented with a means to overcome a numbeliwiitations inhypothesis testing.
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Chapter lintroduction

1.1. Electroencephalography ad/ethod of hquiry

Traditionally, our understanding of cognition has been limiigdhe fact that inferences
must be drawn using outwardly visible behavioral metrics, such as reaction time,-or self
reported assessments from participants. Until relatively recently, this has presented a
considerable limitation for developing frameworksdescribe cognitive processes, as an
unknown and potentially infinite number of combinations of internal processes might result in
the same outwardly measurable behavior. However, recent decades have seen improvements in
non-invasive neuroimaging technigs, which allow for a specific account of neural activity
across distributed systems in the brain at a temporal resolution on the order of milliseconds.
One such technologylectroencephalograph§EEGhas been used to record the summation of
electrical ptentials at the scalp, which arise from coordinated neural activity at the cortical
surface.Characterizing this activity in response to carefatiytrolled stimuli has allowed for a
GK2NRdzZZK RSAONARLIIAZ2Y 2F (GKS oedhgidpyf@Rasasd | OG A2y
allowed for inference into highesrder cognitive processing of this informatiddombining the
two approachesit has allowed for delineation of divergent processing streams, which otherwise
might not produce any discernable behanal difference. These benefits have been invaluable

to our development of conceptual frameworks in information processing.

Acommonlyused technique in EEG is theeragingf eventrelated potentials (ERPS),
which are recorded at the scalp, and are tifneked to the presentation of a stimulus. ERPs are
one of the primary methods of inquiry into mental representations of information in the brain.

ERPs are recorded in response to repeated encounters with a stimulus, with the intent that



averaging these rexdings together will result in a reduction of any signal that is unrelated to
the time-locked stimulus (e.g., unrelated cognitive and physiological processes that result in
electrical potential at the scalplReducing these signals is critical to uncawgthose of interest

in an experiment. Converselyharacteristics of the response which are systematically related to
presentation of the stimulus should be present in eaetording andwill remain through the
averaging processligheramplitude responsg should be relatively more pronounced among
dzy NBf I 4§ SR a Y 2 reguiing fewey preseitStions af thg stirhulushile lower

amplitude responses require additioreateragingo mitigate unrelated signals.

Through this type of characterizatioresponses to two or more stimuli whicliffeér in
some definable way (e.gin some visual or auditory characteristic) can be contrasted with one
another to identifyaspects of theesponse whiclare associated witkthe uniquetraits of a
stimulus.Thisallows for inferences to be drawn regarding the cognitive or physiological
mechanismshat areassociated with processinfesespecificcharacteristicsincluding
association with specific neurahatomicalsubstrates, oon a larger scale with identifygn
processing streamthrough a series of distinct brain regioMhile this carresult ina wealth of
information when comparedavith behavioral reactions to a stimulute interpretation of ERP
responses is rarely straightforwarBor example, while ong/pe of stimulus may result in more
neural recruitment than anotheras might be hypothesized due to a higlaenplitude responsg
its effect on a downstream system may be inhibitofperefore, a largeamplitude response
may ultimately be associated witlkeduced output, or an effect on some system which is
opposite to what was predictedMoreover, ERRsomprises bottbase computation oflirect
sensoy neural inputand higherorder cognitive processing he two rarely occur iisolation and

can be difficulto discern from one anotheHHowever strictly-controlledexperimental design



has allowed foa degree oflelineation of thetwo andhas benefited ouunderstanding of

information processing in the brain.

As a practical example of how ERPs can be chaizstieto understand underlying
YSOKFYyAaYa 2F LINRPOSaaiAyas O2yaiRSNbdifigd oNI AyQa
recorded average scalp potential to thaeset of a stimulus reveals a consistent positive voltage,
which peaks in amplitude betweer®&nd 130 ms following presentation of the stimulus
(Mangun, 1995)This positive deflection, which is only visible through avaratiie response
over many presentations of the same stimulus, is termedmponent This component is
named the P1 (or alternatively P100), for its positive electrical potential and the timing of its
peak amplitudefollowing the onset of a stimulusnterestingly, the amplitude of the P1 can be
manipulated through changing the intensity or brightness of a color being presented, suggesting
it reflects processing of basic sensory inflbobb & Dawson, 1960; Hillyard & Munte, 1984)

However, the P1 also appears to reflect higbeder cognition as well, as its amplitude is largest

when a stimulus is presented in a region of the visual field to which a participant wing pa

attention (Van Voorhis & Hillyard, 1977jhis component demonstrates that careful

YFEYyALdz FGA2ya 2F GKS OKINIOGSNRadAaOa 2F | adAy
and conceptualized, but also thttis processing is further mediated by internal cognitive

processesThe two occur in a way that, once understood, can be separated through

experimental control which attempts to change only one dimension at a time (either visual
characteristics or partipant attention / Kl y3Sa Ay | O2YLRyYySyiQa LINB

time (i.e., latency), space (scalp distition), or in its amplitude



1.2. Functional Asociations ofhe N400& P600

Isolating experimental manipulations that induce changes in the latemaplitude or
topography of a component can be criticalittentifying the cognitive functions with which it is
associatedIn particular, where the changes in these measures are dependent aletireeof a
systematic change in the stimulus, such manigats can provide insight into mental
representations of information or cognitive frameworks. The analysis of the P1 described above
represents a general framework which can be used to investigate a varietyrgfonents and
can help us to understand a vaty of cognitive functionsln such cases, the components may
not be the focal point of research specifically, but rather they can allow us to understand the
processes that they are associated with. The relationship between ERP components and these
proceses will be the focus of this dissertation, specifically in identifying the most suitable

techniques to characterize the link between the two.

One component on which intense focused has been placed to identify its associated
neural substrates and functionsignificance is the N400. This component is identified as
negativegoing deflection that occurs approximately 3800 ms following the perception of a
word or image that is semantically incongruent w(tte., unrelated tojts context(Juottonen,
Revonsuo, & Lang, 1996; M Kutas & Hillyard, 1980; Marta Kutas & Federmeier, 2011; Newman,
Tremblay, Nichols, Neville, & Ullman, 2012; Nobre & Mc@alfit®94) While the N400 appears
to reflect the processing of relationships between objects in general, it has prirbagly used
to understand language processifgpecificallyit has been used to understand how networks of
associations between wordmd objects are formedCharacteristics of the N400 have been
found to be impacted by a wide array of experimental manipulations, each narrowing our

understanding of what this component representor example, considering ti&o sentences



(1)a robin isa birdand(2) a robin is not a vehicldoth are true statements which follow a

suitable grammatical structure. However, an N400 is elicited by the second noun in each (either
the wordbird or vehiclg, and its amplitude is largest in response to the aveehicle This is due
entirely to themore distantsemantic associations between the two nounghis sentence, as

the more unrelated nature of the wordebinandvehicleis responsible for a largeamplitude

N400(Fischler, Bloom, ChilderRoucos, & Perry, 1983)

Similarlywhen presented with a listf words that follovs no rules other than a
categorical similarity betweethese wordgi.e., there is no sentence structuren N400is
elicited in response tthe lastitem, and this reponse is largest in amplitudehen itis
categorically unrelated tthe itemsbefore it(Kutas & Van Petten, 1994)herefore, while the
N400 has frequently been studied in the context of language, these findings suggest that it does
not specificallyoperate in the language domain. Instead it appears to reflect a broader network
of semantic associatiofurthermore these effects are not limited to writtestimuli, as an N400
has been found in response to spoken language, American Sign Languagawiimg sl
pictures, faces andvenlanguageike pseudewordswhich have no inherent meanir(§utas &
Van Petten, 1994)Given the suite of cognitive functions that have beelated tothe N400, it
does not appear to arise from a single, definableragien, but instead representsgeneralized
accessin@nd integration of semantic information across input modalitdsnetheless, the
ubiquitous need to identify the relationships between words during reading and conversation

makes it a powerful tool to understand language processing.

The N400 has frequently been studied in tandem atiother related componenthe
P6@. Similarly to the N400, the P600 is named for its positive electrical potentiatharitming
of its peak amplitude, which occuapproximately600 ms following the onset of a word which

introduces a morphosyntactic violationto a sentenceWhile thetwo componentsare sensitive
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to differentlinguistic rulesets, they can both ledicited through experimental design which
contrasts violations of different aspects of sentence structure. That is, while the N#@ght
to indexthe semanticrelationship between itemgi.e., words or images), the P600 is instead
thought to reflect processing of higkvel grammatical structur@&uperberg, Kreher, Sitnikova,
Caplan, & Holcomb, 2007; Nakano, Saron, & Swaab, 2010; Pakulak & Nevillei-@0&gamps,
when compared with the sentence (the child threw the toythe sentence (2)he child throw
the toyshould elicit a P600 in response to the waindow (Kaan & Swaab, 20Q3)he result is
that sentences can be designed with gradations of violations to either expected semantic
associations, grammatical rules, or even bintla single sentengéo elicit either type of
respons@® a2NB2@SNE (KAa YSlIya GKFIG Ay OFasSa oKSNB
structure is semantic or morphosyntacticnature the type of response elicited can offer
insight into how thisnformation was processedhis type of experimental design can reveal

divergent processing streams where they might not otherwiseli&aous

As in the example above, holding some aspects of sentence structure constant while
carefully manipulating othersan help to understand the boundaries of information processing
between sematic and morphosyntactic domainsor example, while the relationship between
the gender of a pronoun and the noun it describes might be consides®imantic association
(e.g, heandJim), the fact that violations of this agreement elicit a P600 rather than an N400
suggest that the brain processes this as a violation of a structural more so than a sewlargtic
Osterhout & Mobley, 1995Kimilarly, damaging the plausibility of a sentence by reversing the
direction of action between two nouns (e.g., by changhmgboy rode the bik& the bike rode
the boy) does not alter N40O amplitude, but instdalicits a P60th response to the final word
of the sentenceThis is because while the semantic association between the nouns is preserved,

violating the structure of the preceding sentence by using an implausible terminal word forces



anattemptatread SaavYSyd 27F { KS (KapSrigefigS2g0d)8 Mia way, Srodifying 3
the structure of a sentence, or the relationship between words in a sentence, can inform

conceptual frameworks of information processing.

1.3. The hfluence & Individual i¥ferences

When discussing the N400 and P600 in the context of langtiagse processes reflect

not only computation of systemic input, but also rely on semantic associations and

dzy RSNBGFYRAY3I 2F F I y3dzad 3SQa NYzt Bed. Indiyidwal £ A YA G I

differences in disparate aspects of language proficiency (e.g., vocabulary, grammatical
understanding), or other aspects of cognition which might dictate methods of information
processing (executive processing), could therefore be expdotadiuence the degree to which
either of these components are depicted in response to different types of violations. It is
important to note that while we are focusing here on language, the components discussed
appear to represent processing of assoicias and rulesets that span multiple domaiAs.

described above, the N400 is not only sensitive to linguistic stitmutito mental

representations of objects and even psewdords with no inherent meaninfMarta Kutas &

Van Petten, 1994Fven beyond the scope of the N400 and R600ividualdifferences are

known to affect ERP responses in varied domains.example, in an investigation of cognitive
RSYlIYyRZ FaaSaavySyida 2F AYRAGARdIzZ faQ ¢g2N]Ay3
amplitude in am-back tasKDong, Reder, Yao, Liu, & @h2015) and this relationship has been
associated with meaningful differences in task performance. In another area entirely, differences
between individuals in the ability to recognize previoushen faces has been related both to

early differencesn the topography of the P100, and @fénces in the subsequent N170

amplitude(Turano, Marzi, & Viggiano, 201@his pattern is thought to reflect a difference in the

YS



initial perception and following recognition of faces between individuals. Furthermore, Mxtye
al. ( 2017)have found that the weléstablished link between anxiety and error related negativity
may be better predicted using individual P300 amplitude, which mediates the two. The
increasing association of abstract individual difference measures with ERPs in domains outside

language processing highlights the need for agefined link between thewo.

In some cases, ERPs themselves may be considered as indicators of individual
differences, as an alternative to the functions that they have traditionally been associated with
(Meyer et al., 2017)That is, at present we propose tharacterize individual difference
measures such dacets oflanguageproficiency, which have been operationalized through some
testing procedure, but which are not inherently tied to any specific anatomy of physiological
processThese psychological mstructs are then related to a quantifiable physiological reaction
(electrical potential recorded at the scalp). However, #ssociateghysiological processes are
not necessarily more representative of any internal language processing framework than the
individual difference measures themselves. Indeed, ERPs can be a powerful tool to gain insight
into those frameworks, and so understanding the relationship between all three (scalp
recordings, individual difference measures, and processing frameworkejéssary. Put
another way, ERP component characteristics can themselves be a revealing marker of
differences between individual¥he two must be used in conjunction to understand cognition.
This dissertation simply focuses on establishing a link betweeimtividual difference
measures and ERP&hile this was done in the context of language specifically, it is hoped that

findings may be valuable in numerous domains.

With this in mind the question of relating the latency or topography of ERP components
to individual differences is more general than the question of relating the N400 and P600
specifically to measures of language proficiemtgwever, language makes for arteresting

8



avenueof investigation into the processing streams indexed by these compts First,

IFy3dz 23S @Azt iGAz2ya Oy 6S adNROGte O2yGNRBffSRZ
evaluated in relatively standardized ways. It is therefore possible that the influence of individual
differences discussed here could apply togassing semantic associations and grammatical

structure outside of language domaieatirely. Seconddzy RSN& G F yRAYy 3 2F | I y13
does not occur on a single dimension of {davhigh-proficiency. Instead, individuals can be

more adept in certairareas of linguistic rulesefg.g., grammar, phonology, or sentence
comprehensionand vocabulary than others. This makes language a4fiagkited area in which

different types of individual proficiencies or even seemingtyelated cognitive characteriss

might interact with cognitive processing of languagéated information in complex wayhat

reveal more domairgeneral processingharacteristicsindeed, the question of whether

language processing relies on cognitive systems which are specifigtmltze, or whether they

are intertwined with more general cognitive faculties, has been{stagding(Christiansen &

Chater, 2008; Fedorenko, 2014; Fodor, 1988grefore languagds pertaps not the simplest

area in which the link between individual differences and measures of cortical processing can be
evaluated Howeverijt is ore which can be characterized on multiple dimensions within a single

experiment and which can potentially infon experimental design in numerous areas

1.4. Individual [fferences inLanguagei®cessing

Mounting evidence suggests that native language proficiemeyeasured through
grammatical ability and vocabulary sizanimpactthe latency, amplitude, and topographical
distribution of ERP responses dursgntence processing.iang and Chen, 2014; Moreno and
Kutas, 2005; Newman et al., 2012; Pakulak and Neville, 2010; Tanner, 2013; Tanner et al., 2014;

Tanner and Van Hell, 2014; Weberx et al., 2008 This evidenceuggess differential



recruitment of brain regions based on proficiency or other cognitive fa¢imdl, Binder, &

Urbanik, 2013)Specifically, EEG has revealed thatdbdicalresponse to words that are
ASYlIyaAOlrtte O2yaNHSYyld 6AGK | (@n&gpossiyefpb Qa 02y G S
individuals with astrongerunderstanding of English grammar and vocabulary (§ieevman et

al., 2012) Interestingly, however, these measures of proficiency were not relatédeto

responsego semantically incongruent words, suggesting thatdawd highproficiency

individuals processed the two similars the N40O0 is typically calculated as the difference in

amplitude between the two conditions, this pattern could be described as a lamelitude

N400 response in individuals witligherproficiency.This pattern was seen both in Native

speakers of English, and in participants who learned English later in life.

The N400 is not the only component which has been tied with individual difta®in
proficiency. Using the same measures of grammar understanding and vocabulary size as a
measure of proficiency, participants were shown either vi@imed sentences, or sentences
which contained an error in the phrase structure (a phrase structioiation). This violation
was associated with a larger, and more widgistributed P600 respong@akulak & Newud,

2010) As described above, the P600 amplitude is understood to be mostly sensitive to
grammatical cues in a sentence, and as such it is not surprising that it should be influenced by
proficiency with grammatical structure. However, this patternfiem not clearcut, and

individuals can show a preference toward either showing an N400 or P600 response to the same
stimuli (Lee Osterhout, 1997)Fven when presented with a violation of grammatical structure in

the form of subjeciverb disagreement within a sentence, a cdrmi which is typically expected

to result in a P600 response to reflect attempts at syntactic reassessment and repair, a subset of
individuals show an N400 respon@&nner, 2013)Interestingly, a small proportion of

individuals even showed both an N400 and P600 in response to violations, with variation in their

10



amplitude. Largely, however, thewas a negative correlation between the amplitudes of the
two responses, suggesting that participants preferentially showed one or the other (2013).
These results suggested a spectrum of processing, which Tanner et al. (2013) posit suggest
preferential dtention to either semantic associative information (resulting in an N400),

following a rulebased framework, or grammatical cues (resulting in a P600).

It has been suggested that an N400 might reflect-hdsed, semantic processing in
lower-proficiency mdividuals, which instead becomes a P600 to reflect a deeper understanding
of grammatical structure in highgroficiency individual¢Pakulak & Neville, 201L0jlowever,
subsequent findings complicate this interpretatibfanner, 2013; Tanner et &2014) Firstthe
preferential demonstration of either the N400 or P600 response has been seen both in native
English speakers, and in individuals who learned English as a second |afigunengs, 2013;
Tanner et al., 20145econd, the preference toward showing one response or the other was not
related to proficiency{Tanner et al., 2014)nstead, proficiency was related to the overall
amplitude of the respnse shown, regardless of which component was evident. These findings
illustrate a complex relationship between language proficiency and the role of the N400 and
P600 in violation processing, and even language violations which are classically under&ieod to

grammatical in nature can be processed in a semantic associative form in some individuals.

Despite that proficiency alone may not predict whether participants will exhibit an N400
or P600 response to specific types of language violations, it has lseeniated with
characteristics of these components such as their latency and amplifadexample,
proficiency has also been related to processing of the grammatical content of a sentence, as the
P600 shows a broader distribution, earlier onset, anddapgak amplitude for higher
proficiency individual¢Pakulak & Neville, 201L0Yloreover,individuals with oveall higher
measures of proficiendyave showrboth an earlier onset, and reduced peak amplitude, in the
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N400 response to violations of semantic relationstidsreno & Kutas, 2005; Webétox et al.,
2003) Notaly, these findings are in contradiction to those of Newman et al. (2012). At this
time, the reason for this discrepancy is unclear. However, such inconsistencies highlight the

need for further research in this area.

It has been suggested thdifferences n N400O amplitudeeflects the degree to which
individuals rely on the context of a sentence to predict its final witridse categorized as low
proficiency resulting in a largeamplitude N400, or instead focu®n grammatical structure
(Moreno & Kutas, 2005However both strategies may be used by individuals of high
proficiency, and so ane-dimensional scale of proficiency may not be an appropriate
interpretation of these findings. Instead, these findings present further evidence that individual
variability in the use of divergent processing streams should be considered more deeply, and

that both might be used simultaneously.

In addition to language proficiency, working memory appears similarly connected to
processing strategyndeed, it has long been established that working memory capacity varies
between individuals and may have impticas for processing of linguistic contefdust &
Carpenter, 1992)Specificallyincreased working memory capacity has been relatedlitttation
of a P600 responsénstead of an N40Qyhen presented with grammatical violatio(ldakano et
al., 2010) This change is thought to contrast semantic reassessment of individual waxes (|
capacity) to highetevel phrase structure repaghigher capacity; Nakano et a2010) Similarly,
Vos et al(Vos, Gunter, Kolk, & Mulder, 20Q&port that when presented with morphosyntactic
violations, individuals with lower working memory span show stronger early anterior negativity
and delged centralparietal positivity, when compared with higdpan individuals. dditional
evidence suggests that individuals with faster working memory updating (measured uging an
back task) showed stronger centgadrietal positivity (interpreted as a largamplitude P600)

12



when assessing syntactic and semantic information in sentegih¢eBeng, Liu, Booth, & Ding,
2014) fMRI evidence further shows differential recruitment of neuroanatomical structdoe
sentence processing depending on the working memory capacity of indivi@idls Newman,
Malaia, Seo, & Cheng, 20138his evidence demonstrates a link between aspects of language
proficiency and cognition with presentation of ERP components that are commonly used to
study language processing. Furthermore, they higihlige need to additionally consider
cognitive attributes such as working memory that lie outside the obvious language processing
domains when examining the effects of individual differences in cognition on language
processing. Despite this, language prihcyand otheraspects of cognition, are rarely
accounted for in investigations of the N400 and P600. As such, a deeper investigation of the
relationships between proficiency and cognition on these components will be necessary to

understand their roles.

1.5. Modeling Individual ifferences in ERResearch

Research investigating individual differences and their impact on ERP characteristics has
begun to ask increasingly complex questidfm. example, while at one time it was considered
sufficient to investigae ERP responses to morphosyntactic violations agradgipantsthrough
a grandaveraged waveform. Contrastimgnditionsin this manner is a suitable use for the
Analysis of Variance technique (ANOVA), which has been used to gauge the significance of
differences between the mean amplitude of responses to grammaticabagdammatical
sentencegMoreno & Kutas, 2005; Pakulak & Neville, 20¥2en evaluating a group of
participants as a whole, or even a small numbgsubgroups, this approach can be used to
characterize responses to each conditiblowever it has since become apparent that not all

participants show the biphasic N4BBOO0 response that has traditionally been expedfeanner
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et al., 2014)Instead, as discussed above, thighlasic response likely results from averaging of
participants who preferentially show one response or the other togethesulting in an

averaged waveform which shows the characteristics of both grdugsed, the majority of
individuals show one respae or the othe(Tanner, 2013; Tanner \¥an Hell, 2014However,
while the reason for this difference between individuals is not yet clear, it appears to be rooted
in differences in cognitiobetween individuals, as they selectively process linguistic information
using either semantic assations or higHevel grammatical rulether studies have

categorized individuals as either lewar highproficiency to investigate differences in responses
between these two group@VeberFox et al., 2003However, whether participants are split into
groups to test for tle significance of differences separataly whether a tweway ANOVA is

used to accont for differences on two dimensions (proficiency bins and sentence condition
simultaneously, this approach precludsany description of graded changes between the two

groups.Instead, distinct groupings must be made.

A more finegrainedcharacterizatiorof the impact of individual differences cognition
or proficiencyon ERP responses requires multivariate regressidrisapproach allows the user
to investigate multiple individual differences simultaneously (e.g., several different axes of
proficiency,and other cognitive factors, on continuous scales if desired). Indeed, multivariate
regression has successfully been used to describe the impact of proficiency, familial handedness,
and other factors both on the type of response a participant shows togratical violationsas
well asthe amplitude ofresponsea (Tanner et al., 2014; Tanner & Van Hell, 20t only does
this approach allow the user to characterize multiple dimensions in terms of their effect on
responses simultaneousliyut it also allows for the use @bntinuous scalkg and can describe
interactions between dimensions (e.g., charactécisthat are specific to, for example, left

handed males of low proficiencylhis technique can be further refined through the use of

14



mixed models, which allow the user to specify béixed effectgthe types of factors described
above, which are assuméd have a consistent effect) as well@mdom effectsThe latter can
improve the sensitivity of models by accounting for random variability in responses, either
between individuals, or resulting from other factors that contribute to the response
unpredictably (Barr, Levy, Scheepers, & Tily, 200?) our knowledge, however, at present this

technique has only been used in one stU®ewman et al., 2012)

1.6. Limitations in Current Modeling Practices

The above studies have made important steps toward creating a framework which can
be used to identify individual differences that impact the N400 and P600, as well as characterize
this impact, in terms of lateng scalp topography, or the degree to which effects are seen at
specific proficiency levels. Howeveeveralpotential limitations of the techniques that have
been used may be constraining the questions which can be asked. This dissertation will attempt
to address each of these limitations using statistical modeling techniques which operate in
fundamentally different ways to either the ANOVA or multivariate regression techniques that
have been usedAs a preface to a discussion of these limitations,dtitfcal to note that their
existence may not necessitate a change in approach. That is, whigg@pieaches previously
used toinvestigat individual differences faceonstraints, these constraintaay not limit
interpretation of results in aneaningfulway. However, developments in modeling approaches
have resulted in a means for improving sensitivity to effects and complexity of interactions,
among other added functionalitand so the potential for improvement of practices must be
investigated. We wilherefore be replicating and expanding on previous findings using a series

of approaches, which are each intended to supplement the capabilities of current investigations.
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The move toward multivariate regression models in recent years represents a step th
will be required in subsequent research to properly accountterimpact of all individual
differences of interest, as well as how they interact to affect cortical respgiiseser et al.,

2014; Tanner & Van Hell, 201%is is especially true given that, increasingly, individual metrics
of grammatical ability vocabulary and other aspects of proficiency are incorporated into models,
rather than onedimensional metrics of overall proficien@yewman et al., 2012; Pakulak &

Neville, 2010)Given the benefits this framework provides, we see no clear advantages to relying
on simpler approaches such as ANOVA. Howevemthe to mixed modeling techniques that
incorporate both fixed and random effects further addresses the concern of rapdeticipant
specific variability, which is otherwise deemed to be noise when usingdiffect models.

Failure toproperlydesignate his type of variability can make it difficult to identify subtle effects,
and even result in errors in estimating the significance and size of effects which are(Bamd

et al., 2013)This does not necessarily lintlite types of research questions which can be asked,
but instead the effects which can be uncovered in ERP, éafzecially where effects might be

small Despite this, the@dvantages oficorporating random effects into a regression model of

AYRADGARdzZE £ RATTFSNBY OS giethech guarfifidds hergfgfe, Wevptoposel { |

to investigate both approaches (fixed effect models and mixed models) to charadtezize
impact of inclaing random effects of varying types metrics of model quality. The manner in

which theanalyticaltechniques incorporate random effectsill be discussed below.

We have discussed the need for a move from a single overall proficiency metric to a set
of measures which account for the varied and dynamic nature of langpemeessing faculties.
Indeed, this has been the approach taken in recent rese@ch,Newman et al., 2012; Pakulak
& Neville, 201Q)However, the way in which modeling techniques establish relationships

between these measures and ERPs must be considered aswtticular, moving from
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analysis using ANOVA to linear regression hagiged the means to describe a continuous,
linear impact of individual differences on ERP responBas.resulcan beimproved model fit,
resulting in a reduced error term, and more reliable estimation of results under ideal
circumstances. However, therg still a limitation in that this relationship must be lingand to

the extent that it is not, the model is inaccuraféhat isa linear model describes thany per

point proficiency score increase is associated with a specific voltage change ingespo
amplitude, or millisecond change in timinggardless of whethethe largest changes in

response may occur in specific portions of the proficiency spectidrresent, it is unknown
whether this is the case, and so whether this is a meaningful limitand/or introduces error
cannot be determined. However, given that the means to model nonlinear relationships exists,

we propose to investigate the capabilities of two nonlinear modeling techniques in ERP data.

With the transition to the use of modelshich can include numerous aspects of
language proficiency or any other measures of interest, the concern of multicollinearity arises.
Multicollinearity occurs when the two or more predictor variables in a multivariate regression
model are correlated in tir ability to predict a response (in this case, multiple similar measures
of proficiency attempting to predict ERP amplitu@@pllinger, Belsley, Kuh, & Welsch, 1981)
While this does not harm the fit of the model, it can introduce erratic changes in a predicted
response given minimal changes in a predi¢Bwllinger et al., 1981)he first of two solutions
is to unify the related measures into a single predictor, either through averaging or some other
means. However, as this defeats the posp of looking at specific aspects of language
proficiencyinsteadof ageneral score, the only remaining option when using regression models
is to include only those predictors which are most interesting and/or beneficial to the model.
This process of mad selection is not straightforward and many considerations must be made to

arrive at the ideal set of predictors, which can be subjective given the specific research question.
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However, future studies of individual differences will require some framewarkddressing
this problem, or otherwise a means to overcome it. The following chapters will attempt to do

both through fundamentally different statistical approaches.

A related issue of data quality and distributipertains to heteroscedasticity, which
negatively affects all regression modakswell as ANOV®avidson & MacKinnon, 1993)
Briefly, heteroscedasticity refers to an inconsistency in variability either within groups of a
categorical variable (e.g., there is more variability in the relationship betweemdsgénse
amplitude and lowthan highproficiency individuals), or along the scale of a continuous
variable . Heteroscedasticity can be difficult to overcome, as options include either removal of
problematic participants, portions of a predictor variabpestrum, or predictor variables
altogether. However, some techniquase more susceptible than others to problems associated
with heteroscedasticity, which will be explored in each of the techniques used in this

dissertation.

The last issuto be discussedurrounding current statistical practices in the area of
individual differences in ERPs surrounds the scalp topography of responses. Frequently,
electrodes are considered on an individual basis in order to assess the significance of a
difference between&sponse amplitudes in two conditis. This is commonly dorte evaluate
the differences between responses twordsthat either follow ordisruptad Sy 1 Sy 0S Qa
grammatical structureThis has been done to clearly demonstrateN#100 response to semantic
violations at individual electrodegd/loreno & Kutas, 2005)n addition, he topography of a
responsecanalsobe visualized usingesponse amplitude acrossimerouselectrodes for ay
given time point a series of time poinior averaged over a time windowhis process has been
used to identify characteristic differences ot P600 topography in lovand highproficiency

individuals(Pakulak & Neville, 2010} his has the advantagé jpresenting a full view of the
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scalp, but with less information regarding the latency &intk courseof a response. Another

approach is to average electrodes in a close proximity together into a region of interest (ROI),

with the assumption that any chacteristics of the response that are similar across electrodes

will remainthrough the averaging procesand those which are not will be reduc@dewman et

al., 2012) Establishing regions of interest can produce a more consistameform, and aid

interpretability. However, divisions must be made without&pe FA O {y2¢f SRIAS 2F (K
topography, and thus are not likely to perfectly capture the effect. Ideally, divisions could be

made which are datdriven and representative of the full scalp, benefiting from the advantages

of each of these methods.

The abovepointsoutline a variety of constraints that currentlysed statistical methods
place on framing of research questions and interpretation of findings. It is possible that some of
them cannot be overcome using available techniques, but the capaacity so will be
investigated from several different analytical approaches. The following sections will outline the
three techniques that will be used in this dissertation, in order to discuss how they will address

the known issues, specifically in the text of modeling ERP data.

1.7. Linear Mixed Mdeling

The first modeling technique we used was intended to closely follow the methods in
related research discussed abo¥rst, weattempted to replicate findingsvhichrelied on
multivariate regressioiiTanner et al., 2014; Tanner & Van Hell, 20d4th the exception that
we implemented random effects similarly ewman et al(2012)to account for unpredictable
variablity from two sources: Random variability in response amplitude between participants,
and in the scalp distribution of the responsetveen participantsFor this analysisve used

linear mixed effects (LME) modelir&s discussed above, this technique models the relationship
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between fixed effects and a response, as traditional multivariate regression models, but can also
estimate the nfluence of random effect§liang, 2007)As a rule of thumb, Green and Tukey
(1960)suggest that effects should be modeled as fixed if the sample exhausts a known
population, but random if it includes only a subset (i.e., individual participants). Perhaps less
specifcally, LaMotte and Ray.aMotte, 2014escribe a random effect as any thatassumed

to be a realized value of a random varialNeechanically speaking, however, random effects are
simply estimated using a different procesknear unbiased prediction, rather than maximum
likelihood¢ which allows for differences in variabjliacross a predictor variab{®obinson,

1991) In terms relating individual differences to ERP responses, we must use this definition to
assume that differenceis language proficiency or other measures of cognition should be
modeled as fixed effects, given that the degree of variability should be relatively constrained

across participants. Indeed, this has been the case in all prior research in this area.

Conversly, it could be argued that individuals should likely vary in the degree of
variability in response amplitude for any ERP study. This variability may arise for numerous
reasons, including but not limited to¢ differences in scalp conductivity, biochetnys
neuroanatomy, or any other physiological traits unique to an individual which cannot be
modeled. Indeed, this assumption has been made in the past, and modeling random variability
at the individual level is an accepted means of improving model qyBlisr et al., 2013)Just as
random variability might be expected at the individual level, one might expect a degree of
random variability in the sd@ distribution of responses between individuals. This should not be
confused with the assumption that variability in scalp distribution is inherently random, which
would invalidate findings of proficiency effects on distribution. Instead, a random effestialp
distribution across individuals would allow for variance in distribution between trials that is

specific to participantsA standardnstantiation of the general linear model (GLM), such as the
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multivariate regression approaches used by Tanned.€2014; 2014)s wellsuited to

investigating fixed effects, but is not capable of estimating random variatvdity either of

these two possible source$he result is that all pacipants are predicted to have an equivalent
variability (both overall and in terms of scalp distributioafd any variability that is observed
around that assumption is considered noise, which is added to the error tdoreover,
heteroscedasticity maresult. Both of these outcomes may render a model insensitive to effects

and/or invalidate its finding&Jiang, 2007)

Regression models calculateetsignificance of fixed effects relation to the magnitude
of the error term, and so categorizing unpredictable variability as error occurs at the detriment
of sensitivity to potefially subtle effectsThat is, when the magnitude of explainable variability
(e.g., proficiencyelated effects) is outweighed by that of unexplainable variability (e.g., random
variance in response amplitude due to physiology which cannot be modelefixasl &ffect),
model sensitivity decreases, and underlying effects may not be detedthile subsequent
chapters will address this concern in more detail, it is important to realize that adding random
effects to a model can help to attentgaunpredictabé variability that arises from known
sources The primary benefit of adding random effects through LME then is improved model

accuracy and sensitivity, as well as reduced error rates (both false positive and false negative).

In addition to modeling randoraffects, LME was usdd determine the ideal model
selection procesi a way that may generalize to other ERP studies of individual differeses
described above, this primarigonsisted of detanining which individual differences should be
included & predictor variables in our regression model, both in terms of their significance to the
research and the relatedness of the measu®@cifying the ideal model is not specific to LME,
and investigations that only use fixed effects can still benefit fdetermining which language
proficiency or other cognition measures are appropriate for inclusion in a mbtekover, the

21



metrics which are commonly used to evaluate model quality and interrelatedness of variables
are applicable to all linear modelingdeniques and so these findings may result in a framework
that can benefit ERP studies more generdllyese metrics will be discussed in greater detail in
following chaptersThe process of model selection was explored with the aim to reduce
multicollineaity among predictors, further reducing error rates and improving model accuracy,
while focusing on predictors that should yield the clearest results. Determining the ideal set of
predictors (and the complexity of their interactions) also provided a fotioddor subsequent
analyses, as each approached incremental improvements on the same base model in different

ways.

1.8. Generalized Additive Mixedddeling

The sensitivity of a model to an effect primarily depends on the ability of a model to fit
to the association between two variables. To the extent that this association is not a linear one,
nonlinear modeling techniques may produce a more accurate fit, and a model which more
ideally generalizes to a populatios the name suggests, all extensionshef general linear
model are limited in their capacity to conform to nonlinear effe€sr example, if differences in
the amplitude of an N40O response exist primarily between individuals at the lower end of a
proficiency spectrum (that is, highscoringindividuals produce more homogeneous responses),
then we can determine that the relationship between proficiency and N400 amplitude is
nonlinear. However, fitting this relationship with a linear bésslope both fails to capture the
nuance of thiglependence, and oveor underestimates the predicted N400 amplitude to some
degree at nearly any proficiency EvThis concept is illustrated igurel.1, which shows a

simulated set of observations fit to two such functions. The result is increased error (residual
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variance), and a linear function which only accurately estimates observations -angd

Scores.
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Figurel.1Fit of a linear function (red) and a nonlinear function (blue) to simulated data which

follow a nonlinear curve Y =% While both achieve an overall fit to the data points, the linear

function produces estimates that are cortsistly lower than observations at lower predictor

values, while exceeding observations at higher predictor values.

Acombination of related problems arise frotine scenario depicted iRigurel.l. For

example, as deviance from the predicted slope is necessarily considered error variance, this

results in both increased error variance (again at the detriment of significance of efauds),

non-normally distributed residual§.e., heteroscedasticityAgain, while we will examine each of

these concerns in more detail in subsequent chapters, each represents unexplored bias

introduced into findings which can potentially reduce sensititotgffects or invalidate a

modeQ & ¥ Jalypgethef, Blépending on the degree to which a nonlinear dependence truly

exists.

23



In order to evaluate whether the relationship between ERP response amplitude and
language proficiency and other cognitive measuibettermodeled using nonlinear functions,
we used Generalized Additive Mixed (GAM) modelitigsis a technique which linearly
combines estimates for separate predictor variables, similarly to LME. However, functions need
not be linearg Instead, smoth polynomial functions are fit to observations to describe
nonlinear associationddastie & Tibshirani, 1990)hile maintaining the benefit of random
effect specification described when using LME, this approach uses an entirely different approach
to model fit, which will be explored in greater detail in subsequenttdizs. Moreover, the
computational differences between LME and GAMM have implications for which model quality
metrics are appropriate to use, and how heteroscedasticity is han@adon N. Wood, Pya, &
Safken, 2016Both of these topics will be discussed in greater detail in the chapters pertaining

to these two techniques.

Using this technique we examined first whetheoaels are improved through specifying
nonlinear effects/interactions, and second the ideal complexity of this relationship (i.e., the
degree of nonlinearity allowed). This second geasto strike a balance between describing the
overall trend in as muctetail as possible while avoidifitfing to characteristics of the data set
which may be specific to the present samfile., over fitting).There is no gold standard in this
process, as it cannot be known beforehand whether variance is (or should terpdjizable to a
population.Together, these analyses aimed to answer not only the question of whether
nonlinear relationships exist between language proficiency and response amplitude, but also

whether it is important or viable to model them as such.
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1.9. (nditional Inference Random Foresbdéling

The final modeling technique which will be used in this dissertation is conditional
inference random forest modeling (CForest). LME and GAMM are both approaches which arose
from the GLM, and as such they bothelimly combine estimates for predictors, and interactions
between predictors, with an error term to fit to a set of observations. It is for this reason that
both are considered additive modeling solutio@anversely, CForest begins with the observed
data and through a series of permutation tests identifies where predictors are associated with
systematic variationéStrasser & Weber, 1999; Strobl, Malley, & Tutz, 2008¢refore,
predictors are not assigned timates, and there is no error term. Instead, data are recursively
subdivided into increasingly small subsets, provided that doing so will result in a significant
difference between the means of the response variable in each, and that this difference is
associated with a predictor. This approach makes far fewer assumptions of a data set. For
example, as there is no error (residual) term, normality of residuals is not a caiBteobl et al.,
2009) Computation of CForest models will be explained in greater detail in subsequent

chapters.

One notable strength of CForest is that it does not reqaipzioridefinition of regions
of interest, but can instead dedueehich electrodes show an effegtand which do not,
through recursive partitioning. Ideally, this should result in d&di@en groupings of electrodes
which more closely capture the distribution of a response. Conversatjyy e LME and GAMM
relies ona priori specification of the region in which the presence of an effect will be evaluated.
This is commonly done through division of the scalp into groupings of electrodes, or regions of
interest (ROIs) that are evaluated as a whaleis can be done eithéinrough averaging the

response over the electrodes in an ROI, or through including ROI (but not electrode) asra term
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a model. Grouping electrodesduces electrodespecific signalsut it cannot be known

whethera priorigroupings wilideally capturd  O2 YLR Yy Sy (i Qa RA&AGNROdzGIAZ2Y ®
peak amplitude of a component may be at the division of two ROIs, meaning tfitappear
somewhatmitigatedin eachaveragedyroup of electrodesThis may also result in failure to

detect an effect altogfd SNE 2 NJ YAAOKI NX OGSNAT Ay3 + NBaLkRyaS:
widespread than it truly iddeally, this effect could be betteraptured with an ROI that centers

onits peak amplitudE ' yR SEOSSRA& Y2NB &aLISOATFAOI faial (2 GK

distribution.

As an alternative to prselected ROlIs, clustering algorithms can be used to group
electrodes that show similar ERP wavefolidernet, Latinus, Nichols, & Rousselet, 201%hjs
approach hagroven capable of grouping ERP responses in adtatan way that can reduce
user bias. One limitation, however, is that clustering may not reflect differences in scalp
topography between subgroups of respondents (i.e.,-land highproficiency individuks)
unless those groups are identified beforehand. Therefore, when the influence of some predictor
is on the spatial distribution of a response, this type of clustering approach may not bdmdeal.
addition, GAMM is able to circumvent this limitation bypdeling the topography as a smooth
term (or set of terms) over a spherical model of the head, using electrode coordinates as a
predictor. However, the present analysis used the electrode groupings that were used in our

LME analysis and in previous researchid comparison of findingéA. J. Newman et al., 2012)

In practice, the effects of interest the present studythe N400 and P600) frequently
have a centraparietal distribution which is captured relatively well using an equal grouping of
electrodes inb regions, as has been done by Newman et28112) However, differences in the
extent of an effect can be difficult to evaluate. Moreover, square groupings ofretkrt

obviously fail to perfectly encapsulate components which are circular in their topography, where
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the square is either so large as to include corners which do not show the response, or so small as

to ignore its edges. We proposigat CForest can be adto defineROIsy deducing the

distributions of response§he dataR NA @Sy Yy I G dzNBE 2F / C2NBaliQa KeLR
was leveraged to derive ROIs which conform to the circular shape of the N400 and P600, and

reach a distribution of electrodes thappropriately describe its topograpl$trasser & Weber,

1999).

In addition to these advantages, CForest has proven capable of detecting nonlinear
relationships in neuroimaging data previou@§cWhinney, Tremblay, Chevalier, Lim, &
Newman, 2016)Indeed, the recursive partitioning framework does not require any assumption
of linearity between predictor variable®vhile this approach hasumerousadvantages,
limitations and considerations to its use which will be described in later chapters, it represents a

step forward in datadriven descriptive analytics.

1.10. Preface to Investigations

The investigations in the following chapteeach take a different approach to analysis of
ERP data acquired during a sentence judgment task, which was designed to elicit cortical
responses to violations of either expected semantic associations, or morphosyntactic phrase
structure. Sentences wemgther wellformed or contained a single type of violation. Semantic
violations replaced the final word of a sentence with one that is semantically implausible in the
context of the sentence. Conversely, sentences containing grammatical violations cdntaine
nouns that followed expectations of semantic associations, but disrupted the grammatical
structure of a sentenceRarticipants were each evaluated in several areas of language
proficiency and working memory capacity to determine whether these weleted to

differences in the characteristics of the elicited componehtt were elicited by the two types
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of violations This task and all evaluations will be described in greater detail in the following

chapter, which outlines procedural detajldataacquisition and prgrocesing.

Chapters addressing thienitations and concerns that have been outlined above will be
presented, each focusingn separate statistical techniques. These chapters aigxpandon
the data set through different mearef andysis, each with strengths in unique are&sch
chapter will consider the appropriate use cases and potential limitations of the approaches
being discussed, assessing and possible improvements in how these techniques can aid with the
interpretation of ERBata analysis. Lastly, we will look critically at any benefits that these
techniques can provide to researchers, and most importantly any evidence that they should be

considered for future use in ERP research.

The goal of these investigations was to fapply bestpractices to develop a framework
in which relationships between individual differences and ERP characteristics could be assessed,
and second to evaluate the ability of alternative modeling techniques to overcome some of the
limitations associad with currentlyused approached/Vhile our aims were methodological in
focus the nature of the data used led to specific predictions about the outcomes. First, in line
with previous research, sentences that contained semantic violations, when contnagted
well-formed sentences, were hypothesized to elicit an N400 response at the onset of the
semantically incongruent word. This response was predicted to show the highest amplitude in
participants with lower measures of proficiency, given that N400 aoggiis thought to index
the mental effort required to draw semantic associatigMarta Kutas & Federmeier, 2011;
Moreno & Kutas, 2005; Webéfox et al., 2003)n particularLJ- NI A OA LI y 1 &aQ @2 Ol o6 dz
were hypothesized to be most strongly related to N40O response ampl{feeman et al.,

2012)
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Secondijt was hypothesized thatentences that contained phrase structure vialat,
when contrasted with welformed sentencesyould elicit a P600 response. This response was
predicted to be strongest iparticipants with higher scores in proficienmfated ID measures
ashas been demonstrated in previous stud{sikulak & Neville, 2010 particular, measures
of grammatical ability were expected to be most strongly associated with &é@ltude

(Pakulak & Neville, 2010)

Concerning the topography of responses, to the extent that ID meaguitaenced the
amplitude of responses, it was expected that their influence would be strongest where the peak
of responses was maximal (e.g., over the central parietal scalp region). Conversely, to the extent
that differences in ID measures were associatétth differences in the spatial extent of a
response rather than amplitude, the influence of ID measures was expected to be strongest at
the boundaries of the response topography. Beyond these predictigmsmtheses thatvere
specifically related to angf the three analysis techniques will be addressed in the chapters

devoted to those methods.
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Chapter 2:Data Collection and RRrocessing

As a number of details regarding the collecting, cleaning and preparation of data pertain
to each of the analyses describedlie previous chapter, all such details are outlined here.
These include a description of the participants included in the analyses, the questionnaires and
assessments used to evaluate language proficiency and working memory capacity, and a
description ofthe sentence judgment task that participants completed. In addition, basic pre

processing procedures that applied to all later statistical analyses are described here.

2.1. Participants

The experiment collected data from 40 native Eingtipeaking individual®f which 33
were included in analyses (8 male, mean age = 28%29 years, range = 2%7). Two
participants were excluded due to excessive noise in EEG data, and fiveattersan data
acquisition Three of the seven excluded participants wereemall participants were right
handed, as indicated by the Edinburgh Handedness Inve(@dfield, 1971)Participants had
normal or correctego-normal vision, and no sefeported history of neurological disorders.
This research was approved by the Dalhousie Health Sciences Research Ethics Board. All
Participants provided informed consent ethics board guidsdi Each participant was paid $30

upon completion of their participation.

2.2. Questionnaires

Due to the range of ID measures investigated, participants were required to complete a
number ofquestionnaires and tasks. An outline of all assessments is providedie2.1, with
a brief description of the domain or metric addressed in each. The assessments are additionally

described in greater detail below. Notably, several measures were not included in our modeling
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procedure. The Edinburgh Handedness Inventory was uséddbincluded, to ensure that all
participants were righthanded. Only minimal variation in handedness was therefore expected
and was not predicted to significantly influence our model. The Language Experience and
Proficiency questionnaire was used to kiae first and second language background, but more
specific measures of proficiency (e.g., TGAWere expected to be more related to variability in
cortical responses, particularly on the dimensions the task was designed to evaluate. Lastly, the
Indexof Learning Styles questionnaire and the Flarfkienon executive attention task were
available but were peripheral to our literature review and so no specific hypotheses could be

drawn regarding these assessments.

Table2.1 Questionnaires and tasks completed by participants. Those in bold were included is. model

Questionnaire or task name Assessment content
Edinburdh Handedness Inventory Left vs. right handedness
Language Experience and Proficier@yestionnaire (LEAB) First and second language background
Index of Learning StyleQuestionnaire Learning preferences on four dimensions
Test of Adolescent Languag(TOAL3) Grammar comprehensiocand vocabulary
Test of Word Reading EfficiencyQWHE2) Test of word reading efficiency
AzBioSentence Task Test of speech comprehension
Operation Spar(OSpan) Working memory capacity (visual)
Listening SparfLSpan) Working memory capacity (auditory)
FlankerSimonTask Executive attention
Sentenceviolation identification English semantic and phrase structure

Participants completed set of questionnaires using the online LimeSurvey software
(LimeSurvey Development Team, 2QMhich included the Edinburg Handedness Inventory
(Oldfield, 1971)the Language Experience and Proficiency Question(idt&FQ; Marian et al.,

2007), the Index of Learning Styl@selder & Soloman, n.dand the Alult Reading History
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QuestionnairgLefly & Pennington, 2000Questias were primarily multiple choice, with some
short answer, and were intended to evaluate a wide range of individual differences in
handedness, first and second language background, learning style preferences, and demographic

information.

2.3. Language Assessmen

Two facets of native language proficiency were evaluated using three assessments. First
was the Test of Adolescent and Adult Langua@g€OAL3; Hammill et al., 1994pf which we
used tiree subtests: thé.istening/Vocabulary subtest haérticipants match an auditory
stimulus (word) to one of four pictures to measure receptive semantic abilities; the
Listening/Grammar subtest dgarticipants determine which of thregpokensentences
presented together has a different meaning, to assess receptive morphology and syntactic
abilities; the Speaking/Grammar subtestthaarticipants listen to and repeat increasingly
complex sentences to assess expressive morphology and syntactic abilitiesofidsean each
subtest were retained as individual predictor variables, but were scaled fra@0Qather than
their native scales to aid interpretabilitfhis scale was used to keep consistency among scores
associated with highand lowscoring participams across measures, and to mitigate convergence
errors that were encountered when using LME which were caused by differing predictor scales.
Moreover, while mearcentering predictors has been advocated as a means of reducing
multicollinearity in regressiomodels, it has been shown to have no impact on model term
estimates or significano@®alal & dikar, 2012; Kromrey & Fostdohnson, 1998Moreover, this
transformation has been shown only to render multicollinearity undetectéBidsley, 1984)

Therefore, no such transformation was applied to our ID measures scores.
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The second proficiency assessment was the Test of Word Reading EfficiéRaijti@n
(TOWRER; Torgesen et al., 1999)his assessmented two separate tests tmeasure the
number of real words or noewords in a list that participats can read out loud within 45
seconds, yielding, respectively, sight word efficiency and phonemic decoding efficiency scores. A
composite measure of the twknown as the Total Word Reading Efficien@s used as an
indicator of overall reading efficienc¥he last proficiency assessment was the AzBio Sentence
List(Spahr et al., 2014yvhich evaluatedpeech perception when masked by noise. Participants
GSNB a{SR G2 NBLISF(G Fye O02YLX SHS-La8YéOyoFdz K
talker babble) environmental ise.t | NJi A O A LJreghiineQ to Bofhnide TAWREAN AzBio

tasks wereaudiorecorded for later scoring.

2.4. Cognitive Assessments

Participants completed several other computsased cognitive tests using custem
written software. The Operation Span taslimeasure of working memory capaci@Span;
Unsworth et al., 2005)Participants were presented with basic math equations ofélsimgle
digit terms (e.g., %6 =3), and were then asked to judge whether a provided answer was
correct or incorrect. Each judgement was followed by a single letter, and over the course of
several trials participants were instructed to remember thestéeks in order. Following a
number of equations (one to seven, with one letter for each equation), participants were asked
to repeat the letter sequence from memory. Sequences of equation/letter pairs began short (3)

and continued until the maximum lengthas reached (7).

A second measure of working memory capacity was a listening spa(L&san;
Daneman and Carpenter, 198M) this task participants were presented with a series of auditory

sentences. After each sentence, a comprehension question was asked, and participants were
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instructed to remember the final word of each sentenBecall of the word list was evaluated
verbally after the final sentence in a series. The structure of this task closely followed that of the
OSpan task, with the length of the series of sentences (and the number of words to be
remembered) gradually increasg until the maximum length was reached (3) or participants
failed 7 consecutive trials. For both tasks, the length of the longest accuratsdlled

sequences was used as working memory span.

The FlankeSimon task was used to measure executive attantipcombines aspects of
the FlankelEriksen & Eriksen, 197d4hd Simor(Simon & Barbaum, 199@xecutive functioning
tasks. The Flanke3imon task measures both independent executive function systems
associated with each task as well as conflict adaptation. However, as described above, this task

was peripheral to our investigation and was not imed in our final analysis.

Participants received both verbal and written instructions on how to complete the task;
they were informed to indicate the colour of the centre pinwheel as quickly as possible without
sacrificing accuracy. They were instructedligect their gaze toward the fixation point in the
centre of the computer screen. After 1 s of fixation, stimuli were randomly presented.
Participants used the trigger buttons to indicate the colour of the centre pinwheel. Participants
weregivenlstom( S | NBalLRyaS: 20KSNBAAS (GKS& NBOSAGS
and the next trial proceeded. If a response was made, participants were given visual feedback
regarding their reaction time (in ms) and the colour of the text indicated the triggsr the
pressed. The Flank&imon task wasomposedf six blocks: One practice block and five

experimental blocks. The task lasted approximately 15 minutes.
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2.5. Sentence Task

The main outcome measure was ERP responses to a sentence reading task. A total of
640 seitences were developed, each of which fell into one of three categoriais

categorization mirrored that used by Newman et(20D07)

1. Morphosyntactic condition: Sentences containing pastse violations (80) were
contrasted with matched weflormed sentences (80). For examplastweek sheasked
to watch the concert Last week shaskto watch the concert*. Data from these
sentences was not included in the analyses presented here.

2. Semantic condition: Sentences in which the final word was replaced with one that is
semantically imfausible (80) were contrasted with matched semantically plausible
sentences (80). For examplghe farmer spends the morning milking ¢isvs/ The
farmer spends the morning milking tisok*.

3. Phrase structure condition: Sentences that violated acceptpblase structure (160)
were contrasted with matched welbrmed sentences (160). This condition contained
twice the number of sentences when compared with the others to accommodate
{ GSAYKLI dzSNE (2089siighested cauntddBnidg of the words preceding
the violating word. The result was two control and two violation variants for each
sentence. For exampl&ob likes to tell some stories at nigbRBob likes some stories
to tell at night/ Bob likes to stories some tell at nighDRBob likes some tell to stories

at night*.

! Astrisks (*) indicate a sentence with a violation
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Sentences from the above categories were randomly divided into groups as follows: 1)
Sentences in the morphosyntactiategory were divided into two groups, each taining 40
sentences with violations and theirwd@ll2 NY¥ SR YI 6 OKSa® H0 {SyiSyoSa
OFGS3I2NR 6SNB RAGARSR Ayid2 (g2 3ANRAZIA Ay (GKS a
A0 NHZOGdzNBEQ OF iS3I2NE 6 SNE RA DA RtBeRthah tvd g@ouds,2 dzNJ I NP
due to having twice the number of sentences to begin with. These subsets of sentences were
combined into four sentence lists, where each list contained sentences from each category by
using all four permutations of the groups from@h FANRG (g2 OF GSI2NASaE o6ig
INRdzLJA o6& (g2 WaSYFryGAOQ 3ANRAZIALVI gAUGK 2yS 27

each. Each sentence list therefore contained 240 sentences.

2.6. Procedure

Participants attended two sessions, approxielgt2.5 hours each. In the first, they
provided informed consent, competed all questionnaires, the TOR/REe TOAI3, the LSpan,
and OSpamasks. During the second session, participants completed the ArBi&lanker

Simontasks, and then the sentenceeading task while EEG data were recorded.

When completing the sentence task, each participant was only exposed to one of the
four sentence lists described above. Participants were shown sentences one word at a time
using rapid serial visual presentatiorgadl word was visible for a random period of time
selected from a uniform distribution, which ranged from 325 to 425 ms, with no delay between
words. Stimuli were presented within a square of constant size, which was provided as a cue to
participants, durig which time they were instructed not to blink. At sentence completion, a
blank screen was presented for 1000 ms, after which time participants were shovpoiat5

[A1TSNI aoltsS 2y GKS aONBSYy IyR FaiSR G2 NrasS
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keypad (1 = very bad, 5 = very good). Beyond being instructed to rate sentence quality,
participants were not given specific instructions about how to assign ratings. An additional blank
screen was shown for 1000 ms before the next sentence was presdfésgonses and reaction
times were recorded for each trial, and breaks were provided every 15 sentences, which lasted
until the participant pressed a button to continue. There were four additional experimenter
mediated breaks for any necessary adjustmeinéguipment, such as checking and lowering EEG

electrode impedances.

2.7. EEG Acquisiticand PreProcessing

EEG data were collected using a 128 channel HydroCel Geodesic Sensor Net connected
to a NetAmps 100 amplifier (Electrical Geodesics, Inc., Eugend)@®&jvere acquired using
NetStation software (version 4.3, Electrical Geodesics Inc., Eugene, OR) at a 500 Hz sampling
rate, using a 0.0100 Hz online band pass filter, and referenced to electrode Cz.

lff 99D St SOGNRRS A YLISRI prior$oxecadhdlIhichid 4 S NB R
an appropriate level according to the input impedance of the NetAmps amplifier. After data
recording was completed, a 33D Hz band pass filter was applied in the NetStation software,
and then data were exported from the NétSon to binary format and all further pre
processing was completed using EEGNVAB; Delorme and Makeig, 2004Data were re
referenced to the average of the two mastoid electrodes. Epochs were generated beginning 200
ms prior to, and 1000 ms following, the onset of target words. Channels or individual trials
showing excessive noise were removed, and independamiponent analysi¢iCA; Jung et al.,
2000)was wsed to remove weltefined ocular or muscular artifacts, on the basis of topography,
power spectra, and distribution over time and across tr{skeig, Bell, Jung, & Sejnowski,

1996) After ICA correction was applied, data for channels that had been removed prior to ICA
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were interpolated using a spherical spline algorithm, and all channels were basetieeted

by subtracting the mean amplitude of the 200 ms prior to stimulus bfieen each electrode.

As an alternative to baseline correction, the baseline amplitude for each electrode or ROI in each
participant might be modeled as a random effect. However, the present analyses instead used

baseline correction to account for int¢rial variability, which was not included as a motsn.

ERP epochs were tirlecked to either the onset of the violating word (violation
sentences) or the word in its place in the weltmed matching sentences (control condition).
For visualization ahe ERP waveforms, violation effects were computed by subtracting control

from violation sentence epochs.

2.8. Statistical Analyses

For statistical analysis, mean amplitude across a priori specified time windows was
computed for each electrode on every triahdhthen exported in text format for subsequent
statistical analysis. Electrodes were grouped into nine regions of interest (ROIs) for statistical
analysis; electrodes not falling within these ROIs were not analyzed. These groupings were done
on a 3x3 gridincluding an anterioposterior axis (anterior, central, posterior) and a {afht
axis (left, midline, right). The electrodes included in each ROI, and their positions, are depicted in

Figure2.1.

All further statistical analyses were specific to the three approaches outlined in the
previous chapter. Therefore, detailed descriptions of these analyses will be provided when

describing the methodology @ach approach in subsequent chapters.
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Figure2.1 Electrodes in each region of interest (ROI). ROIs are arranged paxise(anterior, central,

posterior) and thexaxis (left, midline, right) to produce each of nine (e.g., anterior midline).
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Chapter 3:Characterizing the Datad/iolation Effects and Individual

Difference Measures

3.1. Violation Effect Time Course and Topography

General findings surrounding the effect of semantid @hrase structure violations
which pertain to all of the statistical approaches used will be described briefly. In addition, we
will outline the results of the individual difference measure assessments and overall
relationships between these scores am$ponse amplitude, independent of any specific
modeling technique. The following chapters will each investigate these findings in more detail

using the modeling techniques which have been described.

Given that the effects of interest for each sentence tgpe expected to be maximal in
centralparietal scalp regions, violation effects are shown for channel 55, as seen immediately
posterior to the reference channel Figure2.1. The violation effects for each sentence type are
shown inFigure3.1. The electrode used for demonstration of violation effects was selected due
to being central in the topography of the response. Following a 200 ms baseline, semantic
violations showed a notde (approximatelyn >+ 0 Yy S3IF GABS RSTFE SOGA2Yy I ¢
between 300 and 500 ms, as predicted. This was immediately followed by a positive deflection
2F Ffy2ad SldzA@rtSyd YI3IyAaddzRS o6odp >203 gKAOK
the end of the epoch. Our later time window (6@00 ms) coincides with the peak of this

deflection.

Responses to phrase structure violations did not include the early negative response
seen to semantic violations, but showed similar positivity (approximately> + Ay | Y LJ A ( dzR

peaking at between 500 and 900 ms following the onset of the violating word. Notably, peak
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amplitude of this deflection occurred slightly later than in response to semantic violations. In

addition, the peak of the waveform is somewhagaker.

5 Semantic Violations Phrase Structure Violations
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Figure3.1 Violation effects (averaged violation sentencesveraged control sentences) for each of
semantic and phrase structure violations, at channel 55. Time 0 ms indicates onset of the word

which violates the semantic or grammatical structure of the sentence.

The scalp topographies of these violation effects are shoviigure3.2, averagedver
each of the time windows of interest (3@D0 and 608800 ms) for each sentence type.
Mirroring the time course of the electrode Figure3.1, for the semantic condition the earlier
time window showed a negativity predominantly over central and posterior scalp regions,
consistent with the predicted N400; notable positivity was seen in anterior electrodes. The
subsequent (60800 ms) response vegositive, with a more central distribution. Phrase
structure violations showed little violatieoontrol difference in the earlier (36800 ms) time
window, in keeping with the time course shownFigure3.1. The later time window showed

positivity with a similar scalp distribution as for semantic violations, but of somewhat weaker

amplitude.
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Figure3.2 Scalp topography of violation effects (averaged violation senteqegsraged control

4.3

Semantic Violations

Violation — Control (uV)

Phrase Structure Violations

sentences) for each of semantic and phrase structure violations, averaged over the time windows

of interest (306600 ms and 60@00 ms).

3.2. Individual Difference Measures

Prior to evaluating the relationships between each of the ID measures and the amplitude of
responses to violations of either sentence type, we investigated the distribution of scores on
each of the ID measures to ensure that there were no outliers andeaddany skew in their
distribution. These results are shownRiture 3.3. The scores of two participants on the AzBio
task met our criteria for outliers (any scores more than 3 standard deviations above or below the
mean), and so those scores were removed from all tables, figures and analyses below, as well as

from all subsequent analyses in the following chapters.
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Figure 3.3 Histograms of participants scores on each of the ID measures evaluated in the present study.

While the sample size (n=33) was unlikely to produce strongly normal distributions of ID
measure scores, nmy of the measures still provided a reasonable separation of éma high
scoring participants. Concerning the LSpan and particularly the AzBio tasks, participants were
skewed toward higher score ranges more so than for other tasks, suggesting thag findin
differences in response amplitudes for lowes. higherscoring participants on these measures
may be less likely. Descriptions of the distributions of these ID measure scores are additionally

outlined inTable3.1.

Table3.1 Distribution of ID measure scores, including the number of unique values where multiple participants

may have scores identically, the range of scores, the mean and standard deviation.

UNIQUE MINIMUM MEAN MAXIMUM STD.
VALUES SCORE SCORE SCORE DEVIATION

LISTENING/VOCABULA 12 66 82 100 11
SPEAKING/GRAMMA 11 50 71 90 13
LISTENING/GRAMMA 12 57 78 94 12

TOWRR2 22 6 67 99 25
LSPAN 18 71 98 112 12
OSPAN 22 15 45 75 16
AZBIO 23 59 80 91 9
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t P NOAOALI yiaQ alO2NBa 2y SIOK 2F GKS AYRAGARG:z
epoched condition contrast (violatiopcontrol) for each of the two time windows (3@D0 ms
and 600800 ms) in each of the two sentence types (semantic violatmalsphrase structure
violations), averaged over trials and electrodes. This step was performed gmqmessed scalp
voltage recordings, rather than any model estimate, to provide a frame of reference for each of
the modeling techniques that was usedtire following chapters. The results of these
comparisons are shown for semantic violation&igure3.4, and for phrase structure violations

in Figure3.5.
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Figure3.4t I NIi A O A LJon/Di ie@surasinxélaBioa to the violation effect (violatipoontrol) for semantic
violations in each of the two time window®bservations were limited to the central midline RE&xror bars

indicate the standard error of observations for each participant.

The overall amplitude of responses to semantic violaidaring the 306600 ms time
window was found to be negative across the majority of participants, in accordance with the
negative deflection in the time course during this time period sedfigure3.1, and the central
parietal negativity during this time window seenkigure3.2. However, while the mean
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amplitude across participants appeared negative, not all participants demonstrated an overall
negative response. A minority of participants showed an overall posésmonse during this

time window. Importantly, the results for individuals across ID measures have been averaged
across electrodes, and so variation in the topography of responses cannot be ascertained from
Figure3.4 andFigure3.5. Therefore, an overall mean amplitude of zero pV might arise from a
equal distribution of electrodes showing a positive and negative response, and moreover an
overall positive response might still be found in participants who showed a negative response at
some scalp regions. Rather than providing a detailed descripfittmeaeffects of ID measures on
scalp topography, these figures served primarily to provide a general overview of the impact

that ID measures may demonstrate on response amplitude.

Again, in accordance with the time course showFigure3.1 and the topography ifrigure
3.2, the majority of participnts showed an overall positive response to semantic violations in
the 600800 ms time window. Similarly to the earlier time window, a minority of participants
either showed an overall violation effect that opposed this trend, but again, differencesljn sca
topography which will play a role in understanding these differences likely contributed to these

averages in nuanced ways, which will be investigated more deeply in the following chapters.

In general, a number of ID measures appeared to be associatiedesponse amplitude,
even without considering variations in scalp topography. For example, the amplitude of
responses during the 38800 ms time window appeared to be strongest in participants with
lower scores in the OSpan, Listening/Grammar, ListeMiocgibulary, and Speaking/Grammar
tasks. In particular, while participants with higher Speaking/Grammar scores showed little
variability in response amplitude, the largest differences appeared to be between participants
with lower scores, suggesting thatistrelationship may be beshodeled using nonlinear

functions. Conversely, participants with higher TOWRE scores appeared to demonstrate a
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stronger positive response during the 6800 ms time window. These effects will be

investigated in more detail latarsing the analytical approaches which have been outlined

above.
Phrase Structure Violations
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The overall responses to phrase structure violations during the5800ms time window
appeared much lower in amplitude, largely centering on zero uV, as séégure3.5. These
findings were consistent with the time course of the violation effect during this time window
shown inFigure3.1, and the topography shown Figure3.2, which suggested only a modest
effect size with was positive in some regions and negative in others. Moreover, this response
amplitude did not appear to be strongly related to any of the ID measures, with the possible
exception that negative responses were limited to participants with higher LSmhn a

Listening/Grammar scores.

Responses to phrase structure violations during the-800 ms time window generally
suggested an overall positive response across participants, with a minority showing weak
negative responses. Again, where these responseaweged across electrodes, responses
with an overall negative amplitude may have arisen from a combination of electrodes showing
positive and negative responses across different scalp regiofsgase3.2 suggested may be
the case. Interestingly, response amplitude was highest for participants with higher OSpan and
TOWRE scores, while those with lower scores showed a weaker violation effect or @tine at
Response amplitude appeared to vary most strongly in participants with higher TOWRE scores,
while those with lower scores showed little variation. Similarly to responses to semantic
violations in the 306600 ms time window, this pattern suggested timanlinear modeling

techniques may be bestuited to describe this type of relationship.

These findings provided compelling evidence that the ID measures which have been used in
the present study were likely related to differences in response amplituae patentially to
differences in scalp topography as well. The following chapter will evaluate these effects using
an approach which is similar to the multivariate regression technique used in past studies in

order to describe the relationships between geID measures and response amplitude in
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greater detail, while providing a baseline analysis against which less common techniques will be

compared in later chapter@anner et al., 2014; Tanner & Van Hell, 2014)
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Chapter 4:Linear nxedmodeling of language proficiency

and cognition in language violation processing

4.1. Introduction

In moving toward an understanding of the link between language proficiency/cognition
and language processing, we must consider improvements that can be made aaelpgs to
defining these relationships. Much of the research that has begun to characterize the influence
of IDs on languageelated ERP components has relied on either AN@X&keno & Kutas, 2005;
Pakulak & Neville, 2@)or linear regression models which include only fixed eff€Cénner et
al., 2014; Tanner & Van Hell, 201#) accordance with this research, this chapter has two aims.
First, we aim to produce an analysis that can be used as a baseline against which subsequent
investigations can be compared. This baseline was predominantly modeled after the best
practices thahave been outlined in the studies addressed above. However, a second aim was to
incorporate a number of analytical developments, which have seldom been used in this area but
might yield improved results. This includes testing the impact of moving todnixaleling
procedures, which have been successfully used to describe the influence of ID measures on

languagerelated ERP component characteristics in the gswman et al., 2012)

All of the studies discussed in Chapter 1 have described the influences of IDs using the
general linear model (GLM), and its ioars implementations. GLM is a widespread tool in ERP
research due to its powerful but easy-use implementations, which are native to popular
analysis software including SPSS and R. At itsz@ayssiaeLM(such as those used in the
present analyses)perates by estimating mean differences in a predicted response (dependent

variable) such as scalp voltage, based on independent variables described by the user. These can
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include categorical variables (or factors) such as sex or treatment conditioontimaous ones
such as working memory capacity. An estimate is considered reliable if the variance in the
dependent variable that it explains (i.e., the magnitude of the estimate) significantly exceeds the

residual, or unexplained, varian¢@anchez, 1982)

Notably, however, this simplicity comes with several assumptions, and if these
assumptions are not met then the predictiookthe model may be invalid. Therefore, these
assumptions can also be considered limitations in the generalizability of GLM unda&teadn
circumstances. First, by default GLM assumes that a linear relationship exists between changes
in a continuous indegndent variable and the dependent variable. Problems with this
assumption typically become evident through mearmally distributed residuals. Notably, non
normally distributed residuals can also arise from inconsistent variance across an independent
variable. In either case, the result can be invalid estimates of effect size, and therefore an
incorrect evaluation of significance, depending on the degree to which a nonlinear relationship
exists in the data. Such findings can also be problematic for intexjiza as it may suggest the
presence of an effect where one does not exist, or conversely that no effect exists when the
opposite might be true. Some instantiations of GLM allow the user to define nonlinear (e.qg.,
exponential functions), and provided theaccurately depict observations, these concerns can

be mitigated(Jiang, 2007)These approaches will be considered in greater depth in Chapter 4.

An additional characteristic @ Gaussian GLM, which was the GLM family used in the
present analysess that it assumelomoscedasticity Thisrequires that the degree of residual
variance is equal between factor groupings, or along the spectrum of a continuous dependent
variable.This results from the assumption that sources of error are not correlated with one
another and are uniformly distributed. If this assumption is not satisfiechn invalidate

hypothesis testingNo reatlworld data satisfies this assumption completely, but a degree of

51



deviance is tolerable for GLM. Therefore any violations of this assumption should be tested prior

02 AYGSNLINBGF GA2Y I the idfluentce dk GosetvdtionF dnyirRektiynatéd © [ | &
aK2dzZ R 0S Sldztd ¢KIG Aax y2 20aSNBFGA2Y &aK2dA
direction of an effect than others. This can happen if extreme values of the dependent variable

occur (i.e., odters). Again, while reatorld data rarely adheres completely, the degree to which

this assumption is satisfied can be assessed by calculating le@aigtnali, 2013) YR / 22 1 Q&

distance(Cook, 1977)

While violations of the ative assumptions can be problematic for GLM, several
measures exist to alleviate their ramifications. As discussed in Chapter 1, one way of improving
model accuracy and generalizability is through the inclusion of comatetom effects
structures to adjusfor sources of variance that are known (explainable), but nonetheless not of
direct relevance to the research question. For example, while a predicted outcome may follow
administration of a drug, individuals can be expected to vary in the response tragelf only
variance associated with the experimental variables is accounted for in the model, this between
participantvariance will increase unexplained variance of the model, at the expense of
significance of the treatment effect. On the other harfdhe variance associated with the
random sampling gbarticipantsfrom the population is accounted for in the model, the
proportion of unexplained variance is reduced, increasing sensitivity to the experimental effects.
Ly KAAa aSYyaSIONBL¥EREXYSTFSOYI &4 NMzOG dzNB Ol y 68
an exhaustivehdescriptive model with the aim to improve generalizability and sensit{tyr

et al., 2013)

lff2gAy3 FT2NI N YR2Y QGFNARIFGAZ2Y G2 0SS RSSYSR
reduced residuals with improved normality, and so it is important to do so only where its source

is justifiable and cannot be predicted asxetl effect. Otherwise, reckless inclusion of random
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effects can improve apparent fit of the model to any data set by describing variance that may
not generalize beyond the sample, bolstering significance and diminishing applicability to future
random samjes. In addition, models which include random effect structures that are
inordinately complex may be uninterpretable, or fail to converge altogether if the underlying
data set is not large or diverse enough to support the complexity of the effBdBates, Kliegl,
Vasishth, & Baan, 2015) Nonetheless, when used properly, random effects can alleviate

GA2t L GA2ya 2F D[aQ&ad | adadzYLWiAz2yas AYLINRGS RSGSO

reliability.

The specification of random effects as described above, as well a#fyiegtvhich fixed
effects should be included in a model, together comprise the model selection process. A number
of issues surrounding the model selection process were outlined in Chapter 1. Most notably, this
includes specifying a random effect structdaiat is appropriate for the experimental design and
hypotheses, and avoiding multicollinearity among fixed effects. Regarding fixed effects
specifically, the step® arrive at the ideal model aneot always clear, given that a variety of ID
measures mape available and only a fraction of those may be useful in predicting response
amplitude. Moreover, including predictors which are correlated with one another in a model can
be harmful to estimation of their individual effects, which will be an importamisederation in
the present study. Therefore, it will be important to develop a framework whereby collinear
predictor variables are identified and eliminated. In terms of identifying collinear predictors,
correlations among all pairs of predictors were lexied to reveal those which were most
associated with one another. Following this, their individual contributions to a model of ERP
response amplitude across regions were evaluated to identify those which maximized the
Y2RSt Q& f A1 St AlKegherRredictfrs. Xhisadséssmer ngliedoh the Akaike

Information Criterion, which optimizes for a minimum number of model terms and maximal log
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likelihood(Akaike, 1974)In our case, where these comparisons between predictor variables
hold the number of observations and terms constant, likelihood was optimized purely by the

quality of the pralictor.

It should be noted that alternative approaches to addressing multicollinearity exist, such
as using principal component analysis to create a single predictor which represents a
combination of predictors which had been correlaigtbtelling, 1933; Pearson, 190While
this approach avoids problems associated with numerous related predictors, interpretation of
effects hat are specific to individual predictorsnmde considerably more complex and requires
additional analysis (e.qg., partial least squares analyib)le the above discussions only touch
on the potential impact these decisions can have on results, thegmtanvestigation will
explore their outcomes in fuller detail. The validity of common techniques in language ERP
analysis will be tested to determine ideal methodology, and established effects of individual
differences will be validated and expanded upuimere possible. In accordance with the
concerns addressed above, we examined and attempted to optimize the mhodding process
as it relates to language violation processing, and its interaction with ID measures across several
domains. To achieve thisie used ERP and ID measure data as described in Chapter 2 to identify

domains which may predict cortical processing of language violations.

This analysis was intended in part to provide a baseline modeling procedure against
which less common techniquesudd be compared in subsequent chapters. Methodologically,
the current investigation included two areas of focus. The first was to quantify the
improvements that resulted from including random effects, both in termgasticipantspecific
baseline responses and topographical distributions. A {bares linear model which included
only fixed effects was compared with several variations of linear mixed models, which differed

only in their specification of random effects, to charatze the impact of their inclusion. We
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then evaluated the likelihood that each model could have produced the experimental data (log
likelihood) in order to quantify any improvement that specific random effect structures could

provide to the models.

Our seond focus was to develop a framework for selecting an ideal set of ID measures,
as it was unknown which ones may prove interesting/meaningful, but nonetheless a deliberate
and relatively small set must be selected in order to avoid multicollinearity. @reenumber of
ID measures that were chosen for investigation, the model selection process was optimized
through consideration of correlations between measures and the validity of their inclusion as
model terms, where the goal was to arrive at the mostatggive but parsimonious model
possible. This selection process again used thdiketihood of the model as a measure of
improvement, but with penalties for inclusion of additional model terms, where a balance

between the two should yield the ideal mod@kaike, 1974)

It was hypothesized that the expense of including random effects (batticipant
specific baseline responses and topographies) would be outweighed by the benefit of their
inclusion (in terms of model likelihoodlhis was expected to result énsignificant improvement
in model likelihood that was associated with including ramdmean response amplitudes for
each participant, as well as allowing random variance in response topography between
participants.Furthermore, it was hypothesized that the ideal model would not include all ID
measures as predictors due to either multiaudlarity or minimal predictive power from some,
resulting in a focus on only the most salient ID measuteshould be noted that the present
study includes more unique ID measures than any previous work in this area to our knowledge,
and so it was not knen which would serve as the strongest predictors. Rather, these findings
served as an exploratory introduction to gauge the efficacy of these ID measures, and to provide

a framework for comparison with subsequent chapters.
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4.2. Methods

All details pertaining téhe collection and prgprocessing of data are as described in
Chapter 2Data Collection and PierocessingThe following methods were specific to the

present investigation.

4.2.1. Random Effect Selection

Selecting the appropriate random effect structure forexperimental design can have a
considerable impact on the estimates (coefficients) of fixed effects. When used appropriately,
the result can be reduced error in the model and improved predictive accurdgya(i by
extension results that generalize beywbthe experimental setting more accurately than those
obtained using fixed effects only. This is due to allowing flexibility in the calculation of terms
where unknowable variability is expected. For example, where language proficiency might be
predicted b have an overall effect on cortical response amplitude, two unknowable factors may
confound the results: 1) individual participants will likely have different baseline responses,
against which changes must be considered, and 2) the topographical digtritmiteffects may
differ between individuals. In the above example, a model containing no random effects is

derived using the following formula:
Amplitude ~ Proficiency

In this formulaAmplitudeA & O2 NI A O f Ribfididngis/aacétindoest 0 = | Y R
predictor indicating some aspect of language proficiency for a participant. Any variability in the
base response between participants, and any variability in the topography of responses, is not

modeled, and becomes a part of the error term. This can beawgzl upon as following:

Amplitude ~ Proficiency + (1|Participant)
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In this formulaParticipantrepresents a factor with a unique mean for each participant.
The result is a random base response for each participant, allowing flexibility in the intercept fo
each participant. This effect will be referred to as a randorpdticipant intercept, referring to
the mean response amplitude across trials, conditions and electrodes for each participant.
However, there is still no accounting of variability in thalgdopography acrogsarticipants

The following achieves this:

Amplitude ~ Proficiency + (1 + ROI | Participant)

In this formula, a random effect of scalp regi®Q] has been nested within the random
by-participantintercept. It therefore predicts thah degree of unknowable variance in the
topography will exist within each participant. This effect will be referred to as a randofhyROI
participant slope. Note this formula allows for a degree of correlation between the random ROI
by-participant slope ad by-participant intercept. That is, there are no constraints placed on the
estimates, and correlation between the two is expected to reflect the observed data. If there is a
requirement to force zero correlation between the two, which might produce metieagonal
random effect estimates but make achieving a better fit more difficult, then the formula can be

amended as follows:

Amplitude ~ Proficiency + (1 | Participant) + (0 + ROI | Participant)

This type of random effect structure was not expected tateim any benefit to the
present study, though it was investigated as an exploratory measure. However, an experimental
design that must model two potentially related terms as random effects should consider the
degree of relationship between those two \ales when deciding on a random effect structure,
as nonunique dependency of a response on multiple predictors (multicollinearity) is detrimental

to model viability in fixed and random effects alike. Either of the previous two models will be a
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candidate br depicting random variability between participants, both in base response
amplitude and scalp distribution. Therefore, we investigated the capacity for each of the above

random effect structures to maximize the descriptive ability of the resulting model.

4.2.2. Linear Modeling

The effects of language proficiency and cognition were evaluated using linear mixed
effects modeling, using thene4 packaggBates et al., 2011yith R version 3.4.(R
Development Core Team, 2018¥ described in @pter 2, predictor variables of interest
included Listening/Vocabulary, Speaking/Grammar, Listening/Grar(tizemmill et al., 1994)
word reading efficiency (TOWRY;, two measures of working memory capacity (OSpan and
LSpan), and speech comprehension (AzBio). Scalp voltage was averaged across each time
window of interest, including 30600 ms and 60@00 ms following the onset of the violating

word, for each electrode.

Multicollinearity is known to be problematic folé general linear model. kextreme
casss, two stronglycorrelated predictors araeearlyequallycapable of explaining variance in the
dependent variable, but are incapable being assigned coefficients which predict that same
variance. Their effect size is necessarily reduced, in proportion to the strength of their
correlation, and distinctionbetween the predictors cannot be made. This is true of any additive
modeling solution (e.g., GLM), as model terms (along with residuals) sum to a predicted
response, and depicting separate correlated predictors as equally capable of predicting a
responsewould overestimate its magnitude of the prediction. Therefore, perfectly orthogonal
(uncorrelated) predictors are ideal, but this is rarely possible. Instead, measures must be taken

to ensure that collinearity between predictors is minimized where possible
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Collinearity of our cognitive and language proficiency measures was assessed using
{ LIS | NI lwifefezonly one predictor was selected from any group of related measures for
potential contribution to the final model. This determination was made usiegfkaike
Information Criterion(AIC; Akaike, 1974& measure which applies penalties for addition of
terms against the logjkelihood of a model. The AIC is calculated as shown below in Formula 1,
wherek is the number of model terms, arids the loglikelihood of the resulting model. The

outcomes of tlis analysis will be discussed in more detail in the results below.
006¢Q ¢l (1)
As each collinear predictor was evaluated independently, the number of terms in the
models being compared was unchanged. Therefore, use of the AIC in this enatasic
equivalent to evaluating changes in theiilgelihood of models through inclusion of individual

predictors. This resulted in removal of predictors which were highly correlated, but less likely to

have produced the observed data.

The modelling procses was completed in four separate instances, one for each of the
two time windows (306600 ms and 60800 ms) and two sentence types (semantic and phrase
structure) being investigated. Potential predictors in each model were determined using the
same procss, but since each outcome measure was associated with different eliciting
conditions (violation type) and underlying cognitive processes, it was possible for different

predictors to be included across models.

For each model, we first created a linear mbtlet included scalp voltage as a function
of fixed effects for sentence condition (control or violation), ROI, and their interaction. This was
compared with a model that included these same fixed effects as well as a random intercept for

each participantand a random ROI effect for each participant. As above, the model with the
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lower AIC value was taken as that which best predicted our observations. Next, the inclusion of
model terms for participant age and sex was tested in the same manner. All maatels w
improved by the addition of the described random effects, but none benefited from the

inclusion of age or sex. This resulted in our base model (Formula 2):
Amplitude ~ conditiox ROI + (1 + ROl|participant) 2

It was expected that participants wowdry in their overall voltage output at the scalp,
and that depiction of effects across the scalp would differ between participants based on
unknowable differences in scalp tissue, head shape, and electrophysiology. An investigation into
the optimal randaon effect structure is detailed below. While random inconsistencies between
the violation effects of different sentence types may also be expected between participants, and
the distribution of those differences may vary unknowably across the ssalgelany given
model predictedesponses for only a single sentence type. This precludes the requirement for
random sentence type effects across participafach sentence type and time window were
modeled separately to aid interpretabilityy limiting the vidation effect to only a threavay
interaction (i.e.conditionx ROI x scoyeather than four or five-way interactions (i.esentence
x time x conditionx ROI x scoredespite that modeling subsets of the full data set was likely

related to a reductionn statistical power

As described above, only a subset of predictors could be included in a model, where
those included were based on the probability that a predictor would have yielded the observed
scalp effects (model likelihood). Consequently, allgifor each model to include potentially
non-overlapping predictors from correlated sets avoided the assumption that there was one
WoSadQ aSid 2F LINBRAOG2NE F2N Fftf aSydSyoOoS GeLs
to address collinearity amanpredictors, and no model included any two or more collinear pairs

2T L5 YSI adzNBa0.1p WHikSthedelvesufiage described in greater detail in the
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results, the ID measure groupings are pertinent to the model building process and so they are
briefly described here. Collinear pairs of variables included: 1) -BQAdtening/\VVocabulary and
AzBio, 2) TOWREand OSpan, and 3) TOASpeaking/Grammar ariddspan. TOAR
Listening/Grammar was not strongly correlated with any other predictors and was investigated

in every model.

4.2.3. Model Selection

In each of the four models, an ideal model was created in a stepwise fashion as follows:
Each potential predictor, agetermined above, was included in a new variant of the base model,
which allowed for interactins between condition (violation arontrol), ROI, and the predictor.
This resulted in as many models as there were predictors, and the model that produced the
lowest AIC became the new base model against which the addition of each remaining potential
predictors was evaluated. The model continued to be built using this procedure until either
inclusion of any remaining predictors did not represent a substantialdagment in the model,
2N Fff LINBRAOG2NA 6SNB AyOf dzZRSR® ¢KS RSUSNNAYL
was based on an AIC improvement of five or greater, as an improvement of less than five is
generally considered not to provide meaning$ulpport for a mode{K P Burnham & Anderson,

2004)

Importantly, the AIC does not allow for determination of significance, but is intended to
suggest favorability when presented with two more models. AIC values are strongly related to
sample size, which can make comparisons ambiguous in models that consider differing numbers
of observations. Attempts have been made to improve interpretability of raw AIC values, for
example through trarfermation into Akaike weight8NVagenmakers & Farrell, 2004)hile

Akaike weights do allow for comparison of likelihood between models that include different
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sample sizes, the determination of a likelihood threshold is still required and is no less
ambiguous than comparisons using raw AIC values alone. However, because the sample sizes
were identical in all comparisons here, raw AIC values were considered to be a direct indicator of

model likelihood.

ID measures were included such that up to thuegy interactions between the
measure, conditionandROI were allowed, but that ID measures did not interact with one
another. This level of interaction was chosen to aid interpretability; changes in violation effect
size as a function of an ID measuredarROI were central to our investigation, but interactions
between ID measures were not. In addition, higbeder interactions (e.g., effects that are only
applicable to specific combinations of numerous ID measure scores) have limited generalizability
and are cumbersome to interpret. Once measures were chosen, the final model was determined
through iteratively removing individual fixed effettstarting with highesbrder effects (in this
case, threeway interactions) that hadF statistics that correspondikwith p values above alpha.
Nonsignificant lowetorder terms were kept if they were part of a higherder interaction. This
step redefines variance explained by rsignificant terms as model residuals, further reducing
Type | error. This method of itative backfitting was performed using the
LMERConvenienceFunctigreskagg Tremblay & Ransijn, 2018)R(R Development Core Team,

2013)

The significance of interactions between an ID measure and the violation vs. control
sentence difference term was evaluated at each ROI using the-thageanteraction between
condition, ROI, and an ID measure, with a Bonferroni adjustment nmadbd 9 ROIs being
investigated. In many cases, interactions were significant (suggesting that the violation effect
changes as a function of the ID measure), but effect sizes were small. Therefore, there was an

additional requirement that the 95% confidem interval of the violation control difference did
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not contain zero for some portion of the ID measure spectrum. This ensured that the ERP
amplitudes for violation and control sentences diverged to a considerable degree (i.e., responses
to each of the wo conditions differed in amplitude) for the individuals in that portion of the ID
measure spectrum. If both requirements were met, such that the ID measure significantly
influenced the conditional contrast (as indicated by the significance of the intewaderm), and

the conditional contrast was significantly greater than 0 {hé,relationship between an 1D

measure and the violation effect was considered significant at an ROI.

Investigations of any ID measure only included individuals with scorefethaiithin the
range of the meanr: 3 standard deviations for that measure. This resulted in removal of one

individual from investigations that included the AzBio speech comprehension measure.

4.3. Results

4.3.1. DataQuality and Random Effects

Prior to evaluating the results of any models, the quality of the data and the impact of
including random effects in a model was evaluatggure4.1 shows the distribution of scalp
voltage observed for each time range of interest (JWM ms and 60800 ms). Responses

demonstrated a relatively normal distribution in each time range.
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Figure4.1 Scalp wltage frequency each time range of interest: 38@0 ms (left), and 66800 ms (right),

including both semantic and phrase structure violation responses.

These responses were fit to two models: 1) a simple GLM using only fixed effects to
evaluate scalp Mtage following onset of the violating word as a function of condition (violation
vs. control), sentence type (semantic or phrase structure), and ROI, and 2) a similar model, fit
using LME, which was identical except for the addition of a random intefeeptich ROI in
each participant. These models were fit in order to assess the improvements afforded through
inclusion of random effects. Model residuals for the two approaches are shokigure4.2,
gualitatively suggesting an improvement in model sensitivity (i.e., reduced noise) foilThKIE.
scales of values predicted by each mogedxis)differed slightly, as inclusion of randonfexdts
resulted in predicting stronger signals at timekwever,the magnitude of residualy-axis)was
ostensibly similar between the two models, with a maximum of approximately 50 pV for any

given predicted valua each
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Figure4.2 Residuals vs modgledicted values using the fixedfects only general linear model (left), and

linear mixed effects model (middle). Normality of residuals is demonstrated for the linear mixed effects

model (right).

Additionof this random effect improved the AIC significarfly 16,241, where 5 is

considered significant; Akaike, 197#flecting greater model likelihoad the mixed model

Notably, including random effects was associated with decreasing variance atquedilues

increased. Residuals were also normally distributed as seen in themimgttpane ofigure4.2.

To futher evaluate normality, a @ plotfor the above linear mixed model is showrHgure

4.3. While there was some deviation of observed quantiles from the theoretical normal

distribution at either end (i.e., heavy tails), this was not so strong as to consider the model

invalid. Nonetheless, this suggests that quarametric hypothesis testing methods may improve

model accuracy above the parametric GLM approaches used in this research.
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Figure 4.3 Q-Q plot for a linear mixed model including fixed terms for sentence type, condition, ROI, and
random terms for participant and ROI within participants. Deviation of quantiles from the theoretical normal

distribution on either end suggests a degree of mmrmality in the distribution.

wS3IIFNRAY3I K2Y23aSySAade 2F GFNAFyOS Ay Y2RSt
[ S & Sty¢sbfer Aeteroscedasticity) are heavily dependent on sample size, and given that the
depicted models were built on more than 770,000 observations, even marginal differences in
residual variance between factor levels could be considered significantioitdaOne possible
solution might be to downsample the data set by testing only a randomized subset of
observations, arriving at a data set size that is appropriate for testing. However, this risks
excluding problematic observations which may exist. Tloeeefthese tests cannot be relied on
in the present sample. However, in all cases, residuals for each factor level demonstrated a
mean of ostensibly zero with similar variance (e.g., 2.3k £®D = 5.55 pV for control
sentences, andl.7 x 134+ SD 5.54 pV for iolation sentences), and so hetagyeneity of

variance was not considered a concern.
4.3.2. Predictor Collinearity

As discussed, correlation between observations in distinct predictor variables (i.e.,

collinearity) is problematic for the general lememodel.Correlation of predictors in a model can
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result errorsin effect size estimatiofBarr et al., 2013)Therefore, it was necessary to address

collinearity, and for any set of correlated variables include only those that most improved a

Y2 RSt & { [I%asNdicllated Between all sets of predictors, and any two or more of

sufficient similaritywere never included in the same model. Here,feuént similarity was

defined as 2> 0.1, a conservative estimate which was intended to select for only the most

orthogonal ID measureg&igure4.4 describes the collinearity of all predictors. Those found to be

similar were (1) Listening/Vocabulary and AzBio, (2) TOWRE and OSpan, and (3)

Speaking/Grammar and LSpan. For each set, oBly thJNB RA O 2 NJ 0 Kl G Y2ad A YL
description of the variance was used. Because a separate model was created for each sentence

type and time window of interest, these models frequently included different predictors, as

described below.

Notably, trere are alternatives to such iative solutions for predictor selectiofror
example, the elastic net method has proven capable in data sets where the number of predictors
outnumber the number of observatior{gou & Hastie, 2005While this method is also
applicablefor use with fewer predictors, it is known to characteristicaiiglude or exclude
correlated predictors as a group, and is noitable for the purpose of eliminating one of a pair
of correlated predictorgZou & Hastie, 2005%imilarly, partial least squares analysis be used
to identify these relationships without the need to fit numerous models, selecting predictors (or
groups of predictors) which explain variance in a response vairiBbye Trottier, Mortier, Cornu,
& Verron, 2016)However, this method has similarly failed select between correlated

predictors(Bry et al., 2016)and neither igherefore well-suited to addraes multicollinearity.
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together.

4.3.3. Random Effect Structure

For this investigation, we evaluated the candidacy of random effects structures primarily
using AIC and the related Akaike weigtWsagenmakers & Feell, 2004) In addition, we
considered conditionalRWe used conditional’Rs a measure of predictive accuracy (as
opposed to marginal RRwhich will be of use during later comparisons of time windows and
sentence types) because this measure inctutdindom effects when predicting responses, and
the impact of random effect inclusion was central to this investigafi@hble4.1 shows an
example of the results of this investigation for phrase structure violations in the8600ns

time window.
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Table4.1Degreesoffreed6 65hC0OX ! L/ X n! L/ X ! 12fohehch of fodr paektialz I y R
random effect structures: 1) None 2)-Barticipantintercepts, 3) R@y- participantslopes with by
participantintercepts, and 4) R@ly- participantslopes with byparticipantintercepts at forced zero

correlation. Models were created for phrase structure violations in theB600ms time window.

RANDOM EFFECTS DOF AIC AKAIKE CONDITIONAL
WEIGHT Re
NONE 91 1,323,814 <0.001 2.41%
(1|PARTICIPANT) 92 1,321,852 <0.001 3.77%
(1+ROI| PARTICIPANT) 136 1,320,468 0.874 4.58%
(1] PARTICIPANT) 84ROI| PARTICIPANT| 137 1,320,472 0.126 4.58%

In this investigation, using regieéoy-participantslopes with byparticipantintercepts
represented the optimal random effect structure. This model produces the most favorable AIC
to a considerable degree when compared with the previous two (simpler) models, which was
our primary metric of model parsimony and quality. The addedstraint of forcing zero
correlation between the two effects resulted in a more complex but not substantrallyoved
model. This was also reflected in the Akaike weights, which favored this model to a considerable
degree. In addition, the predictive acaay (conditional B is strongest for either model that
included ROI as a random effect. Again, opting for the simpler model encourages use of the
former. Therefore, inclusion of random regiby-participantslopes and byarticipant
intercepts produces th most parsimonious and accurate model. This random effect structure

was therefore used in each time window and for each sentence type.
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4.3.4. Semantic Violations300500 ms

The result of Aldriven model for semantic violations in 3800 ms is shown ifable

4.2. Posthoc testing of those terms in bold is showrTiable4.3.

Table4.2 Model terms for responses 300 ms following the onset of semantic violations. Significance of a

term is denoted using (p < .05), ** p < .01), or *** (0 < .001).

F DOF p
Condition| 762.26 1, 201205 0.000 ***
ROI 7.42 8, 201205 0.000  ***
OSpan| 1.07 1, 201205 0.301
Speaking/Grammaj 0.04 1, 201205 0.835
Listening/Grammar  0.04 1, 201205 0.850
Condition:ROIl  351.40 8, 201205 0.000 ***
Condition:OSpar  20.07 1, 201205 0.000 ***
Condition:Speaking/Gramme  642.26 1, 201205 0.000 ***
ROIl:Speaking/Gramme  1.23 8, 201205 0.279
Condition:Listening/Grammg  21.12 1, 201205 0.000 ***
ROIl:Listening/Gramma  0.91 8, 201205 0.506
Condition:ROIl:Speaking/Grammz ~ 7.48 8, 201205 0.000 ***
Condition:ROl:Listening/Gramma  20.53 8, 201205 0.000  ***

Posthoc comparisons of the twaray condition by ROI interaction revealed that, across
participants the condition contrast was significant at each R&)jnificance in this contrastas
corrected for 9 comparisons using a Bonferroni adjustment. ID measures that were included in
three-way interactions with condition and ROI indicate those that were likely to affect violation

processing. These measures are denoted in bold and willdoeisied below.

The latency and distribution of the negative violation effect seen in theS8@ms time
window was consistent with the predicted N400 component. As sed@ilite4.3, the threeway
interaction between Listening/Grammar score, condition, and ROI reflected that the effect of

Listening/Grammar score on N400 amplitude was strongest at the anterior midlinevR&e
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participants with lower scores showed a larger N400 effect. Listening/Grammar also influenced
N400 amplitude at a number of posterior and central ROls, as outlin€édkile4.3. However, for
brevity, only ROIs at which the strongest effect of an ID measure are outlined in this text.
Similarly, participants with lower Speaking/Grammar scores showed a Faghgitude N400
acrosdrontal and midine ROIswith this effect being strongest in the right anterior and right
midline ROIsWhile the influence of Speaking/Grammar on N400 amplitude was strongest in the
left posterior ROI, as seen in the slope for this regiofable4.3, response amplitude at this ROI
was lower Rather it was the anterior midline ROl which was associated with the highest

amplitude N400 These effects are outlined Figure4.5.

To elucidate whether the effect of steeper Listening/Grammar slopes at anterior than
central ROIs might relate to differences in the topography of the response between-lamdr
higherscoring individuals, the response topography was calculated for tasgroups, as
depicted inFigure4.6. Participants were separated using a median division of
Listening/Grammar scores into two quantiles. Loweorirg participants demonstrated farther
reaching central parietal negativity during this time window than did higdoaring participants,

who instead showed stronger anterior positivity.

It is important to note that, as described above, effects are only depias significant if
two criteria are met. First, the confidence interval for an estimate (violation vs. control contrast)
must not contain zero for some value of an ID measure. Second, the slope of the estimate must
be statistically significant. In soneases, ID measures are shown to have a significant effect on
response amplitude for a region despite that the confidence interval only exceeds zero at one
extreme value (e.g., the effect of Speaking/Grammar score at the central midlinEiR@é
4.5), and while these effects meet our criteria for significance, they may not be replicable and

are not reported.
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Figure4.5 Semantic violation effects across each R@ie 306500 ms time windowThe 95% confidence
intervals are shown, indicating violation effects, with a significant slope of the predictor shgwn.@¢5, **

p<.01, **p<.001) where the CI of that effect exceeds zero.

Low Scores: High Scores:
Listening/Grammar Listening/Grammar

4.7

Violation — Control (uV)

Figure4.6 Averaged topography of responses to semantic violations58@0ms following onset of the

violation word for participants below (left) and aboviglit) the median split for Listening/Grammar scores.
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Table4.3 Posthoc comparison of condition (violation vs. wielimed) contrast at each ROI, and thweay
interactions (modulation of the conditiamontrast slope by an ID measure at each ROI) in th&sB00ns
time window for semantic violations. Rows show any ROl where the 95% CI of the condition contrasts

exceeded zero, alongside significanf the interaction at that region.

Interaction ROI Corrected Significance Model Estimate
Anterior Left t=-4.41,p<.001, *** -3.58
Anterior Midline | t=-10.14,p<.001, *** -7.13
Anterior Right | t=-6.63,p<.001, *** -5.38
Condition x Central Left | t=-6.29,p<.001, *** 461
ROI .-
Central Midline | t=-10.53,p< .001, *** -6.41
(DOF = 201205) .
Central Right | t=-7.19,p<.001, *** -5.27
Posterior Left | t=-5.71,p<.001, *** -5.71
Posterior Midline | t =-4.85,p < .001, *** -3.56
Posterior Right | t =-5.14,p < .001, *** -3.77
Anterior Midline | t=10.22p < .001, *** 0.196
Conditi
onditon Anterior Right | t=3.37p=.007, ** 0.075
ROI x .-
Central Midline | t=13.51p<.001, *** 0.224
Speaking/Gramma )
Central Right | t=3.49,p=.004, ** 0.069
(DOF = 201388) )
Posterior Left | t=11.19p<.001, *** 0.226
Posterior Midline | t =10.62p < .001, *** 0.216
Anterior Midline | t=6.45p<.001, *** 0.128
Condition x Central Left | t=1.33p=1.00 0.028
ROI x -
Central Midline | t=-0.01,p=1.00 0.000
Listening/Grammar )
Central Right | t=5.08p<.001, *** 0.106
(DOF = 201405) )
Posterior Left | t=3.50p=.004, ** 0.073
Posterior Midline | t =-5.37,p<.001, *** 0.112
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4.3.5. Semantic Volations, 600-800 ms

The result of Aldriven model for semantic violations in 6800 ms is shown ifable

4.4. Posthoc testing of those terms in bold is showrTiable4.5.

Table4.4 Model terms for responses 6@00 ms following the onset of semantic violations. Significance of

a term is denoted using(p < .05), ** p < .01), or *** (p < .001).

F DOF p
Condition| 362.97 1,201188 0.000  ***
ROI 4.26 8, 201188 0.000  ***
OSpan 4.74 1,201188 0.030 *
Speaking/Grammaj  0.00 1,201188 0.977
Listening/Grammar  8.42 1, 201188 0.004 **
AzBio, 0.01 1,201188 0.929
Condition:ROI  132.91 8, 201188 0.000  ***
Condition:Speaking/Gramme  420.07 1,201188 0.000  ***
ROIl:Speaking/Gramme¢  0.74 8, 201188 0.656
Condition:Listening/Gramma  7.25 1, 201188 0.007 **
ROIl:Listening/Gramma  0.97 8, 201188 0.455
Condition:AzBi¢ 146.64 1,201188 0.000  ***
ROI:AzBi¢ 2.12 8, 201188 0.030 *
Condition:ROI:Speaking/Grammg  13.73 8, 201188 0.000 ***
Condition:ROl:Listening/Gramma  8.21 8, 201188 0.000  ***
Condition:ROI:AzBi¢  6.55 8, 201188 0.000  ***

Posthoc comparisons of the twaray condition by ROI interaction revealed that, across
participants the condition contrast was significant at all ROIs except for central left and central
right. Sgnificanceof this contrast across RQiss corrected for 9 comparisons using a
Bonferroni adjusnent. Thistwo-way interaction depicted significapbsitivity at all posterior
ROlsas well as the central midline R@hd a negative violation effect at all anterior RQlkis
pattern was reflected in the threwvay interactions between Condition, R@nd each of three

ID measures: Speaking/Grammar, Listening/Grammar, and Alzitiee effects are outlined in
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Figure4.7. In these interactions, pécipants with lower Listening/Grammar and
Speaking/Grammar scores showed a highmplitude positive response at the posteriggntral
and posterior righROls than did highescoring participants. AzBio did not modulate the
response amplitude at postendrOls in this time window. Conversely, the negative response
seen at anterior ROIs was modulated by each of the three ID measures, but this inflveesce

weak The significance of these effects is describe@iahle 4.5
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Semantic Violation Effect
600 — 800 ms
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Figure4.7 Semantic violation effects across each R@e 600800 ms time windowThe 95% confidence
intervals are shown, indicating violation effects, with a significant slope of the predictor shewn.@¢5, **

p<.01, **p<.001) where the CI of that effect exceeds zero.

76



Table4.5 Posthoc comparison of condition (violation vs. wielimed) contrast at each ROI, and thweay
interactions (modulation of the condition contradbpe by an ID measure at each ROI) in the8@ms
time window for semantic violations. Rows show any ROl where the 95% CI of the condition contrasts

exceeded zero, alongside significanf the interaction at that region.

Interaction ROI Corrected Sigificance Model Estimate
Anterior Left t=-6.74,p<.001, *** -6.96
Anterior Midline | t=-7.29,p<.001, *** -6.52
Anterior Right | t=-5.2,p<.001, *** -5.37
Condition x Central Left | t=-0.72,p=1.00 -0.67
ROI CentraMidline | t=3.14p=0.015, * 2.43
(BOF=201171) | contral Right | t=0.47p=1.00 0.43
Posterior Left | t=5.62p<.001, *** 5.25
Posterior Midline | t=9.84,p<.001, *** 9.19
Posterior Right | t =6.58p<.001, *** 6.15
; - *kk
Condition x Anterior Left t=7.01p<.001, 0.101
ROI x Posterior Left | t=-1.08,p=1.00 -0.140
Speaking/Grammal psterior Midline | t =-6.14,p < .00, *** -0.080
(DOF =201171) __
Posterior Right | t=-7.36,p < .001, *** -0.096
Anterior Left t=1.47p=1.00 0.021
Condition x Anterior Midline | t=-1.17,p=1.00 -0.015
ROI x
. . Anterior Right | t=-3.03,p=.022, * -0.044
Listening/Grammar
(DOF = 201171) Posterior Midline | t =-7.43,p< .001, *** -0.099
Posterior Right | t =-3.74,p=.002, ** -0.050
Anterior Left t=0.16,p=1.00 0.003
Anterior Midline | t=1.42p=1.00 0.026
Condition x Anterior Right | t=3.71p=.002, ** 0.080
ROI x
. Central Midline | t=2.36p=.160 0.038
AzBio
(DOF = 201171) Posterior Left | t=-0.38,p=1.00 -0.007
Posterior Midline| t=1.65p=.877 0.032
Posterior Right | t=2.63p=.075 0.051
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4.3.6. Phrase Structure Mlations, 300500 ms

The result of Aldriven model for phrase structure violations in 3800 ms is shown in
Table4.6. Posthoc testing of those terms in bold is showrTiable4.7.

Table4.6 Model terms for responses 3800 ms following the onset of phrase structure violations.

Significance of a term is denoted usinfp* .05), ** p < .01), or *** (0 < .001).

F DOF p
Condition|  6.39 1,205126  0.012 *
ROI| 9.05 8,205126  0.000 ***

OSpan 0.01 1, 205126 0.920
Speaking/Gramma|  0.55 1, 205126 0.457
Listening/Grammar 1.57 1, 205126 0.210

Listening/Vocabulary  1.93 1, 205126 0.164
Condition:ROI  21.75 8, 205126 0.000  ***
Condition:OSpar  19.18 1, 205126 0.000  ***
Condition:Speaking/Grammez  3.89 1, 205126 0.049 *
ROIl:Speaking/Gramme  0.45 8, 205126 0.894
Condition:Listening/Grammg 307.10 1, 205126 0.000  ***
ROI:Listening/Gramma  0.91 8, 205126 0.504
Condition:Listening/Vocabular ~ 48.42 1, 205126 0.000  ***
ROI:Listening/Vocabular ~ 3.55 8, 205126 0.000  ***
Condition:ROIl:Speaking/Gramma  1.95 8, 205126 0.049 *
Condition:ROI:Listening/Gramma  11.82 8, 205126 0.000 ***
Condition:ROl:Listening/Vocabular,  3.27 8, 205126 0.001 **

Posthoc comparisons of the twaray condition by ROI interaction revealed that, across
participants the condition contrast was significant at all ROIs except for posterior left
Sgnificanceof this contrast across RQi&s corrected for 9 comparisons using a Bonferroni
adjustment.While the time course of the response to phrase structure violations shown in
Figure3.1 showsonly a weak response during this time frame (D ms), the violation effect
was consistently positive even if only weakly throughout that range. Moreover, the

significance of this positivity at all except for the posterior left R& in acordance with the
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topography of this effect shown lRigure3.2, as thigepresents the scalpgegion at which the
peak of a (weak) negative responsas shown. Overall, evidence for these effects in the grand
averaged time course and topography of the responsee weak. Nonetheless, the effeatas

statistically significant.

During the 306600 ms time window, participants with lowerstening/Vocabulary
scores showed a stronger positive violation effect at anterior and central midline ROIs, and those
with lower Listening/Grammar scores showed a similar positive violation effect at the central
midline ROI. However, the influence of tli2 measures at these regions, as well as amplitude of
the response, were relatively weak. Conversely, participants with higher Speaking/Grammar
scores showed a stronger positive violation effect than did those with lower scores. The
influence of Speakin@rammar on response amplitude was significant at anterior left and

midline, central midline, and posterior left ROTfiese effects are outlined Figure4.8.
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Phrase Structure Violation Effect
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Figure4.8 Phrase structure violation effects across eachik@ie 300500 ms time windowThe 95%
confidence intervals are shown, indicating violation effects, with a significant slope of the predictor shown (*

p<.05, *p<.01, ** p<.001) where the CI of that effect exceedso.
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Table4.7 Posthoc comparison of condition (violation vs. wielimed) contrast at each ROI, and thweay
interactions (modulation of the condition contrast slope by an ID measure at each ROI) in-8690308
time window for phrase structure violations. Rows slamy ROl where the 95% CI of the condition contrasts

exceeded zer@longside significancef the interaction at that region.

Interaction ROI Corrected Significance Model Estimate
Anterior Left t=6.63p<.001, *** 6.14
Anterior Midline | t=7.59p<.001, *** 6.09
Anterior Right | t=5.31p<.001, *** 4.91
Condition x
Central Left t=5.17p<.001, *** 4.33
ROI -
Central Midline | t=7.04p<.001, *** 4.89
(DOF = 205126) )
Central Right | t=2.94p=0.029, * 2.47
Posterior Left | t=2.57p=0.091 2.16
Posterior Midline | t=3.55p=0.003, ** 2.98
Posterior Right | t =2.99p=0.025, * 2.51
Condition x
ROIx Central Midline | t=-7.18,p< .001, *** 0174
Listening/Grammar
(DOF = 205326)
Anterior Left t=3.52p=.004, ** 0.131
Condition x Anterior Midline | t=6.06p<.001, *** 0.195
ROI x Anterior Right | t=1.27p=1.00 0.047
Speaking/Grammar Central Left t=2.55p=.097 0.086
(DOF __205326) Central Midline t= 343,p = 005, i 0.096
Posterior Left | t=3.62p=.003, ** 0.122
Posterior Midline| t=1.75p=.708 0.059
Anterior Left t=-1.64,p=.894 -0.088
Condition x Anterior Midline | t =-3.60,p = .003, ** -0.167
ROI x . .
Anterior Right | t=-0.93,p=1.00 -0.050
Listening/Vocabulary|
Central Left t=-2.36,p=.165 -0.114
(DOF = 205326) o
Central Midline | t=-4.44,p<.001, *** -0.178
Central Right | t=1.42p=1.00 0.068
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4.3.7. Phrase Structure Mlations, 600-800 ms

The result of Aldriven model for phrase structure violations in 6800 ms is shown in

Table4.8. Posthoc testing of those terms in bold is showriTiable4.9.

Table4.8 Model terms for responses 6800 ms following the onset of phrase structure violations.

Significance of a term is denoted usinfp* .05), ** p < .01), or *** (0 < .001).

F DOF p
Condition| 1301.49 1, 205110 0 R
ROIl  4.11 8,205110 0.0001 ***

OSpan  0.39 1,205110 0.5305
Speaking/Gramma|  7.15 1,205110 0.0075 **
Listening/Grammar  0.11 1, 205110 0.7425

Listening/Vocabulary  0.23 1,205110 0.6322
Condition:ROI  64.70 8, 205110 0 ok

Condition:OSpar  45.96 1, 205110 0 *kk
ROI:OSpar  0.82 8, 205110 0.585
Condition:Speaking/Gramme  1.84 1,205110 0.1747
ROIl:Speaking/Grammz  0.67 8,205110 0.7193
Condition:Listening/Grammg  956.50 1, 205110 0 rkk
ROI:Listening/Grammg  0.56 8, 205110 0.8143
Condition:Listening/Vocabular 135.09 1, 205110 0 Frk
ROI:Listening/Vocabular 1.43 8, 205110 0.1772
Condition:ROI:OSpal 6.04 8, 205110 0 ok
Condition:ROIl:Speaking/Gramma  9.01 8,205110 *xk
Condition:ROI:Listening/Gramma  8.63 8, 205110
Condition:ROl:Listening/Vocabular,  7.97 8, 205110

*k*k

**k*k

o O O

Posthoc comparisons of the twaray condition by ROI interaction revealed that, across
participants the condition contrast wasignificant at all ROISignificancen this contrastwas
corrected for 9 comparisons using a Bonferroni adjustment. Phrase structure violations, in
comparison with welformed sentences, elicited considerable positivity across participants that
was maxinal at the central midline RQOa4s outlined inrable4.9. Thetiming (606800 ms)and
distribution of this effect were consistent with that of tlexpeded P600, which phrase
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structure violations were hypothesized to elicit. Thigay interactions between condition, ROI,

and each of Speaking/Grammar and OSpan suggested that the amplitude of the P600 was
strongest in highescoring participants, when comped with those with lower scores. The
dependence of P600 amplitude on Speaking/Grammar score was found to be significant at all
anterior ROIs as well as the central midline ROI. Similarly, the dependence of P600 amplitude on

OSpan score was significantaditanterior and central ROIs.

Threeway interactions between condition, ROI, and each of Listening/Grammar and
Listening/Vocabulary similarly suggested that these ID measures infldéme®600 amplitude.
However, the effect of proficiency appesito bereversed in these measureasP600
amplitude was found instead to be largest in participants with lower Listening/Grammar and
Listening/Vocabulary scores. The influence of Listening/Grammar score on P600 amplitude was
found to be significant at all posterior RQOds well as the cerdf midline, anterior left, and
anterior midline ROISNhile the slopsof the anterior left and midline ROlgere significant, the
confidence interval of the violation effect at these regions included zero at all but the most
extreme Listening/Grammar sas, and this effect may not be replicable. Similarly, the
influence of Listening/Vocabulary score on P600 amplitude was found to be significdint at

midline ROIs and at the left posterior ROI. These effects are outlifédtine4.9.
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Figure4.9 Phrase structure violation effects across eachiR@le 600800 ms time windowThe 95%
confidencentervals are shownindicating violation effects, with a significant slope of the predictor shown (*

p<.05, *p< .01, **p<.001) where the CI of that effect exceeds zero.
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Table4.9 Phrase structureontrast by ROI for each ID measure (@0® ms). Rows depict contrasts where

the 95% CI of the difference exceeds zero, with the significance of the interaction at this region.

Interaction ROI Corrected Significance Model Estimate
Anterior Left t=4.45p<.001, *** 4.57
Anterior Midline t=9.67p<.001, *** 8.60
Condition x Anterior Right t=5.35p<.001, *** 5.49
Central Left t=5.8p<.001, *** 5.38
ROI
Central Midline t=14.39p<.001, *** 11.08
DOF 205110
( ) Central Right t=7.65p<.001, *** 7.11
Posterior Left t=6.72p<.001, *** 6.24
Posterior Midline | t=11.85p<.001, *** 11.01
Posterior Right t=10.29p<.001, *** 9.56
Condition x Anterior Left t=-9.70, p <001, *** -0.178
ROI x Central Midline t =-14.54, p <.001, *** -0.202
X i Posterior Left t =-5.58, p <.001, *** -0.093
Listening/Grammar
Posterior Midline | t=-7.41, p <.001, *** -0.122
(DOF = 205326) . .
Posterior Right t=-7.43, p <.001, *** -0.123
Anterior Midline t=-6.99, p <.001, *** -0.123
Condition x Anterior Right t=-1.33,p=1.00 -0.029
Central Left t=-1.69, p =.808 -0.032
ROI x
Central Midline t=-8.31, p <.001, *** -0.131
Listening/Vocabulary .
Central Right t=0.05,p=1.00 -0.001
(DOF = 205318) Posterior Left t=-3.73, p=.002, ** -0.070
Posterior Midline | t=-7.24, p <.001, *** -0.134
Posterior Right t=-2.35,p=.166 -0.044
Anterior Left t=6.20, p <.001, *** 0.122
Anterior Midline t=7.87, p<.001, *** 0.134
Conditi
onditon x Anterior Right | t=4.94, p <.001, *** 0.098
ROI'x Central Left t=4.24, p <.001, *** 0.075
OSpan Central Midline t=6.63, p <.001, *** 0.097
(DOF = 205318) Central Right t=5.65, p <.001, *** 0.100
Posterior Left t=1.41,p=1.00 0.024
Posterior Midline | t=1.64, p =.894 0.027
Posterior Right t=1.39,p=1.00 0.023
Anterior Left t=4.11, p<.001, *** 0.058
Anterior Midline t=10.13, p <.001, *** 0.122
Conditi ) )
endfonx Anterior Right _| t=3.54, p = .003, ** 0.050
ROI x Central Left t=2.37,p=.156 0.030
Speaking/Grammar Central Midline t=7.21, p<.001, *** 0.074
(DOF = 205318) Central Right t=0.05p=1.00 0.001
Posterior Left t=2.04,p=.371 0.026
Posterior Midline | t=1.74, p=.736 0.021
PosteriorRight t=-2.09, p=.324 -0.026
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4.4. Discussion

4.4.1. Overview of jectives

The present study expanded on a framework which has been established in recent
studies to characterize the link between ID measures and ERP component characteristics, with a
specificfocus on languageelated components, the N400 and P600. There were two overarching
goals of this analysis. First, we aimed to use curreatbepted bespractices to establish a
baseline analysis against which investigations in subsequent chaptersbeocdsnpared.

Second, we leveraged developments in analytical procedures which have not been commonly
used in this field to evaluate their ability to improve model fit, likelihood, and sensitivity to

effects which have proven elusive or inconsistent acebsdies.

Prior to investigations of model improvement, we were requirediédermine the
suitability of the commonhusedGLM forthis type of experimental paradigm. While it was not
expected that GLMbased approaches would be overtly inappropriate, chidzing the degree
to which ERP data adhered to the required assumptions laid the groundwork for further
investigation and improvement8eyond this we aimetb explore varying degrees of random
effect inclusion, up to and including theoreticaiieal random effect structuregBarr et al.,
2013) while being mindful of concerns associated with specifying oxangplex random effect
structures(D Bates et al., 2015 hese steps allowed ts determine the most suited structure
and thepractical benefits of its uséastly we aimedto optimize modelbuilding procedures and
use any methodological improvements to expand on our knowledge of the role of individual

differences in language processing.

Individual differences were indexed in terms of vocabulary, grammatical ability, and

working memory capacity. Properly modeling the effect of IDs through any technique has
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important implications for several domains. These include investigating the rpl@fi¢iency in
language violation processing, as well as the role oflfirsgjuage proficiency in second

language processing. Effects were assessed using linear mixed effects modeling, which expands
on commonlyused GLM techniques (such as ANOVA and preulinear regression) through

inclusion of random effects.

4.4.2. Optimizing Random Effect Structures

When determining the ideal random effect structure, we considered two sources of
unpredictable variability. First, intgrarticipantvariability was predicted, due to individual
differences in factors not captured in the ID measures recorded. Each participant was expected
to show variation in theimean galp voltage for these reasons. Second, individual differences in
the topography 6 effects were also expected, again in part due to differences in neuroanatomy
but also resulting from recruitment of different neuroanatomical regions and networks during
processing. In addition, individual differences in random noise (e.g., due to &ettyodes
skewing topographical distributions for specific participants) can be controlled in part through
random effects. Individual differences in recruitment may occur for any number of reasons
including, but not limited to, engagement in the studystem noise or participant fatigue. An
exhaustive list is not possible to arrive at, and so representation of effects across our subdivision
of 9 ROIs was investigated as a random effect within participants, where no underlying causes

were assumed.

It is hteresting to note that our analysis suggested incremental benefits across
increasingly complex random effect structures, but only to a point. First, including a random by
participantintercept demonstrated a considerable improvement over a generic modilding

only fixed effects, as seen in the AIC, AIC weight, and méd€ehR is not surprising, considering
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this step redefines inteparticipantvariability in the fixed effect as explained variance, to a
degree. Second, including random ROI estimaitifisin participants resulted in an additional
improvement on all measures described above. However, this addition requires a decision: By
including the random effect of R@ithin the random effect of participantthe two are allowed

a degree of correlatioacross the nested effects (i.e., a correlation of differences between
participants with differences between regiongjternatively, separating the withiparticipant

ROI effect from the byarticipantintercept forces computation of the two such thatree
correlation exists between their estimatdsor our purposes, both terms were categorical (i.e.,
the difference between any two participants had no bearing on the difference between any two
others), and so this was not expected to result in any impraa@nin the present data, Rvas
identical to four decimal places across the two methods, while the AIC (and thus AIC weight)
suggested preference for allowing correlation. Indeed, déimging zero correlatiomesulted in

no improvement to the model angroduced a more convoluted random effect structuvehich

reduced the Akaike weight for this model.

4.4.3. Summary of Violation Effects

For each sentence type and time window, the condition contrast (violation vs. well
formed) was significant acropsurticipantsat nearly all ROIs. This condition contrast was further
found to be influenced by differences betwepatrticipantsin scores for a number of ID
measures, where in many instances a violation effect was only detected for specific ranges of
scores in an ID nasure. For example, semantic violations were found to elicit an N400.
Critically, the amplitude of the N40O response was significantly associated with grammatical
ability (Listening/Grammar), and showed stronger magnitude for lower proficiency measures, in

keeping with previous resear¢Moreno & Kutas, 2005; Webé&iox et al., 2003)nterestingly,
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semantic violations were also associated with a degree of late posterior positivity. This finding is
not uncommon, a late (608900 ms) posterior positivity in response to semantic violations has
been reported in the past, particularly in individuals with lower proficigi@yulson & Van

Petten, 2002; Juottonen et al., 1996; Kuperberg et al., 2007; Moreno & Kutas, 2005; Newman et
al., 2012; Ojima, Nakata, & Kakigi, 2005; van de Meerendonk, Kolk, Chwilla, & Vissers, 2009)
However, the amplude of this effect was also found to be influenced by both

Listening/Grammar and Speaking/Grammar scores, particularly in posterior regions, which to
our knowledge has not been previously reported. Interestingly, a negative response was instead
seen in aterior regions, and this was significantly influenced by proficiency (both
Listening/Grammar and Speaking/Grammar). However, while significant, these effects were
weak, and replication will help to clarify the role of these ID measures in late sematgitovio

effects.

While we had no specific hypotheses pertaining to responses in th&300ns time
window for phrase structure violations, a significant condition contrast was identified. This effect
was strongest in anterior and central midline regions, Wwas significant in all except for the left
posterior ROI. Moreover, it was found to be influenced most strongly by scores on the
Speaking/Grammar and Listening/Vocabulary TQ#dsts. While this response was strongest in
individuals with higher SpealgfGrammar scores, the reverse was true for Listening/Vocabulary
scores. In both cases, ID measure influence was strongest at anterior and central midline ROls.
While significant, this conflicting pattern of proficiency effects on early responses to phrase
structure violations will be important to replicate, as the interaction with Listening/VVocabulary
scores in particular was related to lower overall response amplitude and weaker effect of
proficiency. Considering that these are partial effects (and Listg@rammar scores are

therefore not associated with a distinctly lowamplitude response), these findings suggest that
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the interaction with Listening/Vocabulary scores is associated with less variance in the response

amplitude than the interaction with $aking/Grammar scores.

Conversely, the Speaking/Grammar interaction was associated with more variability in
the response amplitude, and its influence on amplitude was larger as well. This positivity, and
the positive correlation between Speaking/Grammaorses and response amplitude, dovetails
with the effects of proficiency seen in the 6800 ms time window. A P600 response was
identified predominantly at central midline and posterior scalp regions, and its amplitude was
strongest in individuals with higin working memory (OSpan), as reported by Nakano et al.
(2010) Given that the P600 has been associated with-tégkl sentence repaiiNakano et al.,
2010) it is unsurprising that greater working memory capacity may lend itself to this ability.
Conversely, 800 amplitude in response to phrase structure violations was largest for individuals
with lower (rather than higher) Listening/Vocabulary proficiency, particularly at the central

midline ROI. A similar relationship was seen to a lesser degree in Lis@ranghar.

4.4.4. Interpreting ID Measure Effects

It is interesting to note that in many cases, the influence of an ID measure on the
amplitude of a violation effect was not seen at the central midline ROI, where the violation
effects were largest, but rather IDfetts were greatest in peripheral regions (i.e., more anterior
or posterior regions). One interpretation of this finding is that differences in the topographical
distribution (i.e., spatial extent) of a response were present when comparingvkavihigh
proficiency participants. For example, while an N400 was detected in response to semantic
violations at the central midline ROI, Listening/Grammar scores did not affect its amplitude.
Instead, the effect of this ID measure on N400 amplitude was signifitawinaerous

surroundingROIs This pattern suggestithat an N400 response was observable in the anterior
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midline ROI for lowproficiency, but not higiproficiency, participants. Therefore, the effect of ID
measures at regions peripheral to the paakponse amplitude may represent changes in
topography rather than unique regions of influentedeed, results suggested qualitatively
different response topography for participants with lower Listening/Grammar, with the N400
response reaching farther agtior regions, while highescoring participants instead showed
stronger positivity in this region. These results suggested that the influence cédBunmes may
not only be seen ttough strengthening of the N400 response, but also changes in the spatial

extent of the response, which appear as a steeper slope in thw@e interactions.

The results of our investigations largely confahprevious reports of language
proficiency having a significant effect on the latency and amplitude of the N400 and P600
(Moreno & Kutas, 2005; Nakano et al., 2010; Newman et al., 2012; Pakulak & Neville, 2010;
Tanner et al., 2014; Tanner & Van Hell, 2014; W<tmeret al., 2003)t is importan to note that
the distribution of responses across Listening/Vocabulary and Listening/Grammar scores
appears to fit a linear estimate reasonably well. However, some thi@ginteractions such as
that between Listening/Grammar, condition and ROI in resedin semantic violations (36800
ms) demonstrated residuals that systematically skewed above or below the estimate across
portions of the ID measure spectrufigure4.5). This suggests a potential nonlinearity in the
interaction, which cannot be captured using the present approach. In addition, considering this
same interaction, participants with higher Listening/Grammar scores showed a wider range of
response amplitudes than did lowscoring participants in the leftmost anterior, central and
posterior ROIs. While we discussed the potential for heteroscedasticity in these data, this type of
residual variability can be the result. In these cases, a@mocurate estimate may be obtained

using nonparametric approaches which are more suited to handling of inconsistencies in
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residuals, or nonlinear functions may be required to better fit these data. Future chapters will

address each of the above concerns.

4.4.5. Criteria for Determining Significance

Determining significance in thregay interactions between condition, ROl and an ID
measure was based on two criteria. First, the influence of the ID measure (i.e., the slope) was
required to be statistically signifin&in terms of the model estimate, once corrected for having
performed comparisons across all ROIs (in our case, we used a Bonferroni adjustment for 9
comparisons). This was intended to ensure that only ID measures which had a considerable
effect on respose amplitude were deemed meaningful. However, it was still posiible
statistically significant ID measure slopes to center on zero, associating this influence with a
weak response amplitud@herefore, we instituted a second requirememnherebythe 95%
confidence interval of the violation effect for a significant interaction was required not to include
zero at some point along the ID measure spectrum. This crit@ramintended tcensure that,
while the influence of an ID measure was statisticallyiagmt, the effect size of the condition

contrast was also meaningf(ile., that response amplitude was reasonably strong).

The result of these specifications was that a number of thweg interactions were
deemed significant and meaningfelvenin cags wherethe 95% CI of the violation effect only
marginally exceeded zerburthermore, this marginal effect sizevas frequently only the case in
a small number of participants, or even a single (highaskowestscoring) participantWhen
combined witha statistically significant slope (albeit one which centers on zero pV), the result
can suggest that the influence of an ID measure is significant, even when an effect is barely

evident. his pattern was evident, for example, in the effect of Listeningh@nar on the
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response to semantic violations during the 2800 ms time window, specifically in the right

midline ROI.

Qualitatively it is not difficult to see that these effects are weak, or are only visible in a
minority of participants, and thus they mawpt replicate in a larger sampl&/e were therefore
not concerned that the reader would misinterpret these effects to be unduly strong or
meaningful However, it does represent an intuitive inconsistency in identifying significantthree
way interactionsdr this type of analysig.herefore more stringent criteria might be set for
determining significaneffectsof this type of conditional contrast in future studies. For example,
setting a required effect size that is commensurate with some minimum regpamplitude of
interest(rather than zero pV, as in the present studyight result in more meaningful po$ioc

testing of conditional contrasts in each ROI.

4.4.6. Conclusions

The present study aimed to use currentigtablished best practices in linear modeling
procedures to develop a baseline analysis of the influensewdérallD measures on N400 and
P600 amplitude. This analysis was intended to provide a frame of reference for investigations
using less common techniques in subsequent chapters, but alsgtorexwo aspects of the
modeling procedure: First, the impact of varied random effect structures on metrics of model
guality, and second, approaches to avoiding multicollineavitiiile random effects are rarely
included in modeling procedures in thisléieall evidence suggested that they can provide
considerable gains to model quality. Moreover, while no approach to reconciling
multicollinearity is free of limitations, we have presented a framework which can help to reveal

those predictors which contrilie most strongly to a model.
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Threeway interactions between condition, ROI and individual ID measures suggested
that there wereinconsistencies in residual variance acressres on severdD measuresThis
residual distribution may have been relatedrtonlinearities underlying the relationship
between ID measure scores and response amplitude, calling into question the ability for linear
modeling techniques to adequately describe these defawever, this may be indicative of
more than an inaccurate modleThe two findings may represent the same problem: that it may
not be possible to ideally model the present data using linear estimateghansariance in
violation effects may be most apparent at more specific ID measure ranges. Further
investigationwill therefore be required in more flexible approaches that are capable of
describing nonlinear interactions. In the following chapter, we will discuss a robust nonlinear

modeling approach to identify potential gains that it may provide.
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Chapter 5:Modeling nonlineaeffects of individual differencés

ERP data using generalized additive mixed modeling

5.1. Introduction

In our previous analysis of the relationship between several ID measures and the
amplitude of N400 and P600 responses to language violations, we detsirthiat the
underlying data may be betterepresented using nonlinear modeling techniques. This was
reflected in scatterplots that depicted the relationship between ID measures and response
amplitude (See Chapter 3). Indeed, while these relationships bese evaluated in the past,
this has only been done using linear modeling technigues, despite that the present data suggest
potential improvements may be found by using nonlinear approaches ingtéang & Chen,
2014; Moreno & Kutas, 2005; Newman et al., 2012; Pakulak & Neville, 2010; Tanner, 2013;
Tanner et al., 2014; Tanner & Van Hell, 2014; Weétmaret &, 2003) In light of this, the present
chapter aims primarily to apply a nonlinear modeling technique to a similar model selection
framework which was established in Chapter 4, while also investigating the impact of a number

of userdefined parametershat surround model fit algorithms and approaches.

GLMbased approaches (including linear mixed effects) rely on the assumption that
changes in an independent variable correspond with a linear change in the dependent variable.
To date, all known investitians ofID measuresn language violation processing have used
these approachefLiang & Chen, 2014; Mamo & Kutas, 2005; Newman et al., 2012; Pakulak &
Neville, 2010; Tanner, 2013; Tanner et al., 2014; Tanner & Van Hell, 2014 -Késbstral.,

2003) However, it is unlikely that a orte-one correspondence exists between assessment

score and scalpecarded voltage in response to violations. For example, LME suggested that
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responses to semantic violations during the &llD ms time window might benefit from using a
nonlinear fit, in that residuals were consistently above our linear fit for individudshigher
Speaking/Grammar scores, and below for those with lower scores. This very pattern was also
seen in the response amplitudes outlined in Chapter 3, where only participants with lower
Speaking/Grammar scores showed a negative violation effect dimisgime window. This
information provides compelling evidence to examine the ability of nonlinear modeling

techniques to improve model fit and more accurately describe the underlying relationships.

In the case that the assumption of linearity does noldh as the present data suggest
may be the case, linear regression may be unable to appropriately characterize relationships
between language proficiency and violation processing altogether in certain cases. For example,
Tremblay and Newmaf2015)have demonstrated that parabolic effeatsn which no overall
trend exists, but a recognizable nonlinear pattern is evidecan becompletely undetectable
using linear regression. Nonlinear approaches, however, can fit a model to this type of
relationship and predict scalp voltage accordingly based on dependent variable values (in our

case, ID measures).

While this type of function represents a woisase scenario for linear regression, less
dramatic nonlinearities can still prove problematic. For example, if an exponential relationship
exists in the data, then using linear terms inherently cannot be cerelyl accurate, except at
intersecting points in those functions. The result must be reduced model fit, resulting in
undefined variance, hindering significance testing (recall Etast significance hinges on a
comparison of defined with undefined variance). Moreover, fitting linear terms to exponential
relationships introduces error into effect size estimation at any-imdersecting points, as
discrepancies between model fit fong given set of predictor coefficients (i.e., model estimate)

and observed data amount to errors in generalization of findings to a population, to the degree
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that observed data accurately represent that population. The most likely result of these
circumstances above is uncertainty in the reported significance of model termpestrhoc

contrasts, and the inability to draw wethunded conclusions.

Critically, the nature of relationships between the investigated ID measures and
responses to semantic or phestructure violations investigated in the previous chapter are not
yet knowrt a situation which is also the case for virtually any study wishing to relate ERPs to IDs
given the current state of knowledge. While the above instances represent theoretiddéprs
for linear modeling solutions, the presence of nonlinearities in these relationships have not yet
been shown, and linear solutions may therefore prove adequate. As no systematic evaluation
into the efficacy of these techniques in comparison with imdr approaches currently exists,
this represents a critical next step in optimizing modeling approaches for individual differences

in language processing.

The presence of nonlinearities will be invigsted in this chapter using @axpansion on
the GLM vhich has been described in previous chapters, knowgeagralizedinear modeling
This approach expands on qurevious analysis by allowing for both linear model terms (such as
those used in our LME analysis), as well smooth fits to a set of obsewvatispecified
interactions. For this analysis, we specified that the thnesy interaction between sentence
condition, ROI and each ID measure should be depicted as a smooth fit in order to test for
nonlinearities in the influence of each ID measure agpmse amplitudén each regionWhile
thesefits need not be linear, the name generalized linear model coman fte linear addition
of terms Estimated responses therefore do not necessarily follow a normal distribution, or
normal sources of error, whiccan allow modeling of data which would be problematic for

approaches such as LME.
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The generalized additive mixed modg€lAMM; Hastie & Tibshirani, 1990; Lin & Zhang,
1999; S. Wood?006; S N Wood, Goude, & Shaw, 2015; Simon N. Wood, 20t expands
on these mechanics by allowing the linking function (i.e., the function that describes the
relationship between a predictor and gendent variablg to exhibit nonlinearity, rathethan by
describing this relationship using a linear estimate. Additive smooth terms, each accounting for
partial variance in the observed data, are constructed of splines, and the method of defining
nonlinearity is determined by choice of spline typgdjpular choicecubic regression splines
attempts to fit the partial variance of a specified effect using a series of cubic polynomials.
Polynomials are required to be continuous, and each is fit to the dependent variabl¢heviel
range of theindependent variable but with the peaks of each basis function at differgent
coordinates to result in a smooth fithe mathematical derivation of cubic regression splines is
outlined elsewherdWood, 2006) An example of model construction using each spline type is

shown inFigure5.1, which has been adapted from Baayen e(2017)

Alternatively thin plate regressiosplines attempto fit observed patial variance for a
specified effect through addition of increasinglgmplex terms iteratively until an adequate
description of the data has been reached, or until some maximum number of functions (i.e.,
maximum degree of complexity) have been reachdak Gomplexity of this term is specified by
the number of basis functions. Where the first and second basis function specify the intercept
and slope, respectively, a third will model a parabolic dependence (opening up or down,
depending onthe sign of th@cS FFAOASY 10X YR AYONBlFaAy3Ifte WgA-:
additional basis functionéS. Wood, 2006While thinplate regression splines are considered
appropriate for modeling univariate smooth terms, the applicability ofbttthe present data

was investigatedSimon N. Wood2003)
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Figureb5.1 Examples of model construction using each of cubic regression splines (A)pdeitnin
regression splines (B) are shown, adapted from Baayen et al. (2017). Thin plate regressi®n spline
produce increasingigomplex basis functions using higteeder polynomials until their additive
product adequately describes a set of observations, where the definition of adequate is governed
by internal upper limitations on function complexity. Cubgression splines instead subdivide a

predictor into quantiles (joined by knots), inside which cubic polynomials are fit to fluctuations in

observations.

Regardless of the choice of spline type, the flexibility of fit to the data must be specified.
Restrcted cubic regression splines achieve a degree of flexibility proportionate to the number of
splines desired, wherksplines can each apply a cubic polynomial to a portion of a predictor
equallk2 ¥ GKFG LINBRAOG2NDA NI yumBedof abrffolniag kholg, & LIS OA T A
wherejcm aLJX AySa INB LISNYAGGISR® ¢KAA aAdzoRADGA&AAZY
depicted inFigure5.1. Whenusing thin plate regression splines, the weighted addition of basis
functions specifies the exact shape and thus the complexity of the function. It should be noted

that the complexity of a model is upwardly limited by the quantity of data. A minimum ef tw
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points are required to produce a fit (linear or nonlinear), and more to fit a set of cubic
polynomials or a series of increasinglymplex basis functions. Therefore, the density of a data
set must be appropriate for the desired complexity of a modet| #ne two are inexorably

related. In the case of either spline type, too simple a function (e.g., linear) may underrepresent
the underlying relationship between two variables, and too complex (i.e.wiggly) may over

fit to the data and produce estimasewhich do not generalize. In either case the wdeiined
complexity of the linking function represents a trad# between accurate description of the

observed variance and generalizability to a population.

Given that GAMM requires the user to specifick of these parameters (spline type and
maximum function complexity), the present chapter aimed not only to evaluate the
appropriateness of nonlinear modeling techniques for relating ID measures to ERP component
amplitude, but also to characterize the imgt that these decisions can have on resulting fits to
arrive at a robust modeling framework. Specifically, following up on evidence in previous
chapters that these underlying relationships may be nonlinear, we aimed to describe whether
applying nonlineamodeling techniques could provide in a better model fit when compared with
LME, and provide meaningful insights into the underlying data. Importantly, the degree of
nonlinearity that was expected (i.e., suggested in our previous findings) would playia role
determining the maximum complexity of models. Visual inspection of the relationships between
ID measure scores and violation effect amplitude as reported in Chapter 3 suggested that while a
linear estimate may be appropriate to describe the influentsaveral ID measures, others
(e.g., Speaking/Grammar) may be bdsscribed using asymptotic, or at most parabolic

functions. Therefore, a range of complexity thresholds was used to evaluate model fit.

Following the linear modeling approach taken in tlieypous chapter, cortical responses

were evaluated as a function of these same predictors using generalized additive effixetd
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modeling, using thengcvpackagdgS N Wood et al., 2015h R version 3.4.(R Development

Core Team, 2013The previous procedure was followed as closely as possible to allow
comparisons where possible, with the key difference being that models were constructed using
GAMMinstead ofLME4 The two modeling techniques were compared in terms of model 3t (R
likelihood vs. complexity using the Akaike information criteifAiC; Akaike, 1974and the

ability to depict nuances in the violation effect over across topographical regions, latencies and
ID measures. The previous chapter served as a starting point in terms of the eliminating collinear
predictors, anl beginning with the ideal random effect structui@arr et al., 2013; D Bates et al.,
2015) This was followed with an investigation of the most appropriate spline type, and

subsequently the ideal model complexity given the volume of the present data se

It was not obvious what impact the choice of spline type may have on model fit, and so
this step was largely exploratory. However, as the maximum model complexity that a data set
can support is determined primarily by its size, we expected that owggmtesample size of 33
participants should favor a relatively simple model. Moreover, an important consideration is that
there is often no preexisting knowledge of what level of complexity should be required to
model relationships such as these. While ptevious findings have suggested that it may be
important to model nonlinearities, empirically determining the degree of complexity that is
allowed can be difficult. Evaluating the tradéf between complexity and model parsimony can
be made more challengg by the fact that models with more knots or basis functions do not
require more terms to adhere to individual variance, and so approaches such as using ¢he AIC
which penalize the numbers of ternqsare likely to favor more complex models, even if they
produce fits that conform so strongly to individual variance as not to be generalizable at all.
Therefore, while we investigated whether this was indeed the case, we also expected that a

simpler model may be required to avoid o¥iting to the point ofnon-generalizability.
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Given these expectations and our previous findings, it was hypothesized that of the
range of complexities investigated, as determined through either the number of knots or basis
functions (depending on spline type), one that uses ¢mig- or fourth-order basis functions, or
the same number of knots, would be required to ideally capture the variance of the present
data. It was hypothesized that relaxing the assumption of linearity and optimizing model
parameters through these procedes would allow for depiction of nonlinearities in the
relationship between violation effect size and ID measure, which linear modeling solutions

would be incapable of describing.

In addition to evaluating the appropriateness of nonlinear modeling tectasda this
type of research question, we were interested in whether the ability to describe nonlinear
interactions demanded an increased volume of data, beyond what would be required to
produce an adequate LME model. In particular, we were concernedhbagtriesent sample size
may result in ovefitting, whereby the direction of smooth terms is guided only by a small
number of participants and the effects may not replicate. To this end we investigated the impact
of data set volume on model outcomes througiodeling simulated data which adhered to the
mean and standard deviation of the original data in each sentence condition and ROI, and which
included the same ID measure scores, but contained no systematic influence of ID measures.
Therefore, any detectethfluence of ID measures and/or nonlinearities should only be detected

due to chance (reflecting error).

The likelihood of this outcome was investigated in a simulated data set equal in volume
to the original data, and in a data set which contained dotitéenumber of participants across
the ID measure distribution. In this case, as the simulated data were designed not to include any
systematic effect of ID measures, this type of error (false positive) was considerefittingito

random variance, and loause simulated data were rendered using variance in observed data,
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this should suggest that the present sample size may be problematic for models built using
GAMM. Furthermore, a reduction in error rate that was found to be associated with an increase
in sample size was taken as evidence that additional participants might mitigate problems
associated with ovefitting. It was expected increasing the sample size in our simulated data
would improve statistical power, resulting in smoother estimates of vimteg¢ffect across ID
measures and narrower confidence intervals. The result would be more consistent estimates of
violation effect size (i.e., weaker slope), as these data were designed to contain no influence of

ID measures to begin with.

5.2. Methods

All detdls pertaining to data acquisition and ppeocessing are as described in Chapter
2, Data Collection and P+#erocessingAll subsequent details were specific to the present

investigation.

5.2.1. Nonlinear Modeling and Vsualization

A limitation of the nonlinear mdeling technique used here is that it does not natively
estimate the significance of two contrasted smooth terms. That is, while the predicted response
to either sentences containing violations or wiglimed ones can be evaluated, the difference
betweenthem (the violation effect) cannot. However, given that ID measures have been shown
to selectively influence either control or violation sentences alfwewman et al., 2012we felt
that it was important to include both in the model, rather than use the conditional contrast
alone as the dependent variable.dveover, modeling the contrast rather than each condition
alone would necessitate an aggregate mean across trials and a substantial loss of statistical
power. However, the decision to keep the two separate resulted in is an obstacle in comparing

the signifcance of contrasts between LME and GAMM. Heexdp values were therefore
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evaluated for each sentence type individually while LME models were reported-aittip
values for the condition contrast. This will remain a consideration in any compakisbmeen

the two techniques.

Recall that declaring significance of a sentetygee contrast at an ROl using LME
required that the 95% confidence interval of the contrast term not include zero for some level of
the ID measure being considered. This stigalatvas mirrored as closely as possible using
D!'aa (GKNRdzZZAK OF f OdzZA FdAy3a GKS dp: O2yFARSYOS
and computing a confidence interval that is the summation of the two for interpretation of the
linearly subtracted contbn contrast. Calculation of this contrast and confidence interval is
outlined inFigure5.2. Using this approach, the upper limit of the 95% confaeimterval for the
violation or control sentence terms akdClioiaion Or UCkonrol respectively, and the lower limit is

LCliolation OF LClonro.~ G K S  dzLILISNJ £t AYAG 2F GKS O2y (N} &GSR

Ay

l.j

aSUC&ontrastzUC\lioIationc LC(lontrolq) { }\ Y}\ f I N-I é Z l.] K é f 2 é é NJ f }\ Y;\ l.] 2 -'F

interval was calculated d<Clontrast= L Cliolation ¢ UCkontro. The contrasted term itself was derived

through a subtraction of estimates at any givecoordinate {contrast= Yiolation € Yeontrol)-

Computing a summation of the two confidence intervals in the manner described above
provides a valid visualization of how the confidence intervals of each term correspond to one
another, but it is not equivalent to theoafidence interval of a contrasted term, as was
visualized using LME in the previous chapter. Rather, this calculation provides an approximation,
which may vary slightly with the degree of correlation between the two terms. Therefore, while
direct comparisns of the significance of contrasted terms between the two techniques was not
possible (especially in regard to specific ID measure values at which a violation effect is
significant), this approach served to highlight confident dissimilarities betweetwihaentence
types.
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Figure5.2 On the left, two slopes are shown: Y = 2X (blue), and Y = X + 3 (orange). Each is shown
with simulated 95% confidence interval of 2.0. On the right, the divergence ofahéittence

intervals is shown at X = 7.0 by subtracting the first function from the second, and combining their
confidence intervals for any given X value. This method was used to visualize deviation of

responses to violation sentences from that of vi@lmed sentences.

5.2.2. Optimizing Model Rrameters

As discussed, smooth term specification using GAMM requires that the user choose two
critical parameters. The first parameter choice pertains to spline type, impacting the formulas
for individual splines, which can therefore influence the shape of thetfomoverall. Our
investigations included restricted cubic regression splines andpilate regression splines
(Wood, 2000; Wood, 2003This step was performed as an exploratory measure, to avoid
making an a priori assumption as to which was preferable in describing the data. Nibdsiag
each of the two spline types were fit using a maximum of four knots (cubic regression splines) or

four basis functions (thiplate regression splines), and their efficacy was compared using AlC.

105



However, as this measure is influenced by the nandf terms and the volume of data (both of
which were constant between the two models), differences in AIC were directly representative
of differences in the logjkelihood of the models. This type of comparison followed the logic of
the same Al@iriven nodel selection framework outlined in Chapter 4, but here applied to the
rationale of revealing the ideal mathematical derivation of functions (i.e., spline type), rather

than the inclusion of any specific ID measures.

The second parameter choice concerrbd highest possible degree of complexity in
the linking function. In the case of cubic regression splines, this is determined through the
maximum number of splines, or more specifically, through the maximum number of knots that
connect splines. Recallahtwo knots can result in a single spline, and each additional knot can
result in up to one more. In the case of thin plate regression splines, function complexity is
instead specified through the maximum number of basis functions fit to the observatites.
function complexity is related to data set quantity/density, variability, and the nature of the
predicted effect. Therefore, using whichever spline type resulted in the model with the best log
likelihood, a series of model fits were produced, easimg incremental increases in complexity.
Wood(2017)notes that while the choice of function complexity should not be considered
critical, it should be large enough to repess the underlying truth with a reasonable degree of
accuracyc and also that this criterion is subjective to the research question. Moreover, in cases
where it is not obvious, Wood (2017) suggests fitting a series of models of increasing complexity.
Thisapproach was taken her€&its were computed that used either three, four, five or six knots
or basis functions. A model cannot be fit with fewer than two knots, which can produce either a
linear or nonlinear spline between them. The choice of a minimuthree knots or basis
functions was selected to reflect the expectation of potentially parabolic linking functions

discussed previously, while still allowing for simpler (linear) functions to arise. Note that the
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number of knots represents th@maximum funcion complexity, rather than an absolute
specification of complexity, and so even a specification of six knots might produce a linear fit.
Our upper bound of six was selected because any fit which required more was unlikely, as no
evidence suggests that ireases in an ID measure scores should coincide fluctuations in ERP
amplitude that would require more than six knots. As with evaluating the choice of spline type,

the AIC was used to calculate theddgelihood for each model.

For our evaluations of spkntype and model complexity, responses to phrase structure
violations during the 60800 ms time window were used. These data were selected as this
sentence type and time window were shown to correspond with the P600 that phrase structure
violations werertended to elicit, and so their impact on fit to this response was of interest.
Findings concerning which spline type was most appropriate, or the ideal complexity of the
linking function, were largely identical whether describing the influence of ID messu the
P600 or N400, however, and so only the former was reported. The model building process (i.e.,
selection of ID measures for inclusion in significance testing) followed the sardeivd@

framework and random effect structure established in Cleajt

5.2.3. Defining Violation Effects

Once the ideal model parameters had been determined, the violation effect (violation
control condition contrast) was modeled in each of the two sentence types (semantic and
phrase structure violations), for each of theng windows (306600 ms and 60800 ms). The
procedure that was usefibr generation of linear models was closely followed in GAMM, with
the notable exception of allowing for nonlinearities in model fit. Otherwise, however, the data
used for each of the founodels, and the model building process, was identical to that

described in the previous chapter. Regarding addressing the collinearity of predictors, the same
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pairs of predictors that were regarded as collinear in the previous chapter were tested using th

same AIC selection framework here as well, and just as before only one predictor from each

collinear pair was included in the model for significance testing. However, the predictors that

were used in the final models (i.e., those that were not elimina@itfered because their
Y2YEAYSENI AYTEdzSSyOS 2y NBaLRyaS FYLX AGAZRS AYLI
predictor which had been eliminated when using LME, but which could provide a better log

likelihood when fit using a nonlinear function, mighill be found significant using GAMM.

The significance of the violation effect as each ROl was evaluated using tnatwo
condition by ROI interaction, with the significance of plost analyses corrected for 9 ROIs
using the Bonferroni adjustment. Folving this, the three way interactions between condition,
ROI, and any ID measure (provided that interactions were significant) were similarly evaluated in
each ROI, and corrected for 9 ROI comparisons. The contrast between the violation and control
smooth terms was plotted in each ROI, alongside the summation of the 95% confidence intervals
for these two terms, to depict where the confidence intervals of the two diverge from one

another (i.e., where their summed confidence interval does not include 2€jo p

Following a description of the violation effects in each time window and sentence type,
we compared the final four models that were arrived at through ourdi@n model selection
process to those which were created using LME in Chapter 4. The tiwigeies were
compared in terms of model fit {RR identifying the ability of either technique to conform to
individual variance, but also using the AIC, to identify the traffldetween model parsimony

and loglikelihood in each case.
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5.2.4. Data Simulation

In order to evaluate the propensity for GAMM to ovirto random fluctuations in
individuatevel variance, resulting significant ID measure influences or nonlinear fits where
neither should exist, we assessed model fit in simulated data which was desigoedtain no
influence of ID measures, but maintained the condition contrast specific to each ROI that was
found in our original data. To achieve this, we replaced the recorded scalp voltages in our
original data set with a random normal distribution esponses which adhered to the mean and

standard deviation of responses for each condition in each ROI. Data were generated

AYRAAONRAYAYI(GSte 2F LINIGAOALIYyGaQ L5 YSI &dz2NB

contained the ID measure scores which wergduded in our original data, but that any influence
of ID measures on response amplitude should be due solely to random chance. In order to
mirror our investigations of spline type and function complexity, simulated data were based on
the distribution ofresponses to phrase structure violations during the-800 ms time window.
Ten unique simulated data sets were produced, and a model corresponding to the ideal model
structure for this sentence type and time window (as derived through owdAl€n framevork

established in Chapter 4) was fit to each randomized data set.

Following this, an identical procedure was followed in producing a second set of ten
simulated data sets, with the only difference being that this second set contained twice the
number ofparticipants. These additional participants were similarly assigned randomized
responses that adhered to the mean and standard deviation of responses seen for each
condition and ROI. The model structure identified above was similarly applied to thesatsidnul
data sets in order to investigate what impact a doubling of our present sample size might have
on false positive identification of ID measure influence, or in diteng to random variance.

Where these simulated data were designed to contain na@nfte of ID measures, a false
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positive was identified as any single ROI in which a line with guxestope cannot be drawn

from the lowest to the highest ID measure score while falling entirely within the 95% confidence
interval of the condition contrastn addition, nonlinearities (which similarly should not occur

due to the randomized nature of these data) were defined as any single ROI in which a parabolic
influence of an ID measure was found. The mean number of ROIs showing either of these
gualitiesacross simulations was calculated, as well as a 95% confidence interval surrounding this

estimate, to identify whether the chance in sample size resulted in a change in error rates.

5.3. Results

5.3.1. Cubic Regression vs. THilate Plines

The choice of spline typubic vs. thirplate regression splines) was investigated in
phrasestructure violations during the 66800 ms time window. Fits of various ID measures to
the violation effect for this sentence type and time window represented a range of function
shapesshowing varying degrees of nonlinearity, making them ideal for an investigation of what
impact spline type might have across different types of model fits. The final model, which was

arrived at through the Al@riven model selection framework establishedGhapter 4, was:

Voltage ~ Condition:R@ISpamn+ Condition:RCBpeaking/Grammar+
Condition:ROListening/Grammar+ Condition:RQlistening/Vocabulary+

Condition:ROI + Condition + ROI + (1 + R@iticipan)

This structure was applied to two modelschadentical with the exception that one
was fit to observations using four cubic regression splines, and the other using four basis
functions to produce thirplate regression splines. The fit of each model is depicté&iguare
5.3, showing the effect of spline choice on model fit for two interactions: Listening/Grammar

and OSpan. While Speaking/Grammar and Listening/Vocabulary were also associated with
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sake. The influence of these ID measures will be discussed in detail below, following

identification of model parameter outcomes.

Visually, the fit achieved by two splingpes were indistinguishable. The more linear
interaction of violation effect with Listening/Grammar was represented at neddmgtical
magnitude and with a similar rate of change across the Listening/Grammar scores. Considering
the more sinusoidal functioin the interaction with OSpan scores, the two spline types similarly
resulted in model fits with no substantial or apparent differences. Quantifying model fit through
AIC revealed that, while differences were qualitatively negligible, cubic regressimesspere
preferred to thinplate regression splines, with AIC improved by 14 (where 5 is considered
significant; Akaike, 1974), and the AIC Weight associated with cubic regression splines equal to
0.999 out of a possible 1.0. Unsurprisingly, there wadifference in the significance of effects.
Therefore, while no qualitative differences between the two could be discerned, the model built
using restricted cubic regression splines resulted in a betteliketihood. All subsequent
models, including thasused for complexity evaluations, identification of violation effects and

data simulations were therefore created using cubic regression splines.
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Listening/Grammar: Cubic Listening/Grammar: Thin-Plate
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Figure5.3 The phrase structure violation effect 6800 msfollowing onset of the violating word.
Interactions with Listening/Grammar (top) and OSpan (bottom) are shown, each fit using cubic

(left) and thinplate (right) regression splines.

5.3.2. Specifying Function @nplexity

The determination of maximum function coegity, defined through the number of
knots that connect them, was hindered by a lack of any specificoriknowledge of function
shape in the interactions of interesthat is, the nature of the dependence of the violation effect

on any ID measure ireeh ROI could not be known beforeharidherefore, the outcome of this
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parameter was addressed through creating a series of increasingtyplex models to

determine their impact on function shape, fit, and model likelihood. As with the choice of spline
type, we considered phrase structure violations in the @00 ms time window. The final

model, which was arrived at through our Ad@Gven model selection process, was identical to

that used for the above investigation of splice choice outcomes. However enepvimarily
interested in the impact of the number of knots on the propensity to produce more sinusoidal
functions than more linear ones, given that our scatterplots in Chapter 3 did not suggest such a
relationship between any of our ID measures andviwation effect amplitude should be likely.
We therefore focused on the fit of Speaking/Grammar scores to violation effect amplitude
during this time frame, as this was the ID measure which showed the most strongly sinusoidal

effect in the model across ¢hrange of complexities that were investigated

Figure5.4 depicts the fits of four models, ranging from three to a maximum of six knots.
It is important to note that this does not necessarily reflect the number of knots that were
included in the final model fit, but instead the maximum number, as determinethégdam
function used (from th&kpackagemgcy). The process of determining maximum function
complexity is known as generalized crosdidation. This procedure attempts to evaluate the
complexity of the model alongside the fit to the data in an attempstigke a balance between
simplicity and accuracy. While additional knots necessarily improve fit, this step was intended to
penalize overall fit against variance in the fit of individual splines, but its performance may be
variable in smaller data sef¥§/ood, 2006; Wood, 2008; Wood, 201This function is
02y OSLIidz t & O2YLI N} oftS G2 GKS 'L/ Qa LISyFtATIG
model teems, and similarly aims to arrive at the most parsimonious model. Fewer than the

maximum number of knots in any given model are frequently shown for this reason.
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Figure5.4 Phrase structure violations in the 6800 ms time window, with the interaction
between violation effect and Speaking/Grammar shown. A separate model was created for each

of three through a maximum of six potential knots.

As the number of knots increasdit,of the model to the observations increased to the
point that nearly every observation fell within the 95% confidence interval and strong
fluctuations in predicted response appeared. This exemplifies that additional splines necessarily
decrease residuavariance and drive increases ih Beneralized crosglidation at times
reduced the number of splines in an interaction, for example resulting in occasionally linear fits
when three knots were permitted, or a single parabolic fit when four were permitted. However,

in numerous instancese predicted responseasparticularly when a maximum of five or six
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knots were permitted appeared to strongly confirm to individual data points, which may reflect
overfitting to the data. That is, we suspected that increases in Speaking/Grammar s@ees w
likely not truly associated with repeated intermittent increases and decreases in violation effect
amplitude. Moreover, our findings in Chapter 3 did not suggest this should be the case either,
which appeared bessuited for fits to asymptotic or paraitic functions.This characteristic of
strongly conforming to individual data points represents a considerable problem in empirically
determining the appropriate number of splines in any data set. Moreover, evaluating such
increasinglycomplex models usingpe AIC (or other measures which apply penalties for the
number of terms, such as BIC) is not appropriate. While each additional knot describes observed
variance in increasing detail, the number of terms (i.e., smooths) is unchanged with model
complexity,and no further penalty is applied during AIC calculation. This relationship is shown
Tableb.1. As a result, the AIC will always be strongesharmost complex model, which is

always preferred at an AIC weight of precisely 1.0 out of a maximum.of 1.0

Table5.1 Phrase structure violation effect in the 6800 ms time window, modeled with the
maximum number of knots ranging from three to eight. With additional knots, AIC improves

incrementally and the AIC weight necessarily prefers the most complex model.

No. Knts DOF AIC AIC Weight
3 303.38 1319157 0
4 338.42 1318865 0
5 357.86 1318477 0
6 383.8 1318312 100%
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Reliance on generalized cregalidation to simplify fits was necessary as the AIC could
not meaningfully distinguish between the adequafynodels of varying complexity. Critically,
however, generalized crosslidation was unable to adequately simplify models in which five or
six knots were permitted to produce fits which our previous findings suggested might be
reasonable. Where other ntleods to reduce model complexity (e.g., AIC) were not appropriate,
no empirical means could be established to determine the appropriate todtlleetween model

complexity and generalizability.

This characteristic ovditting to observations is a known potem forgam (Wood,
2008) and while generalized crosalidation can reduce its impact under ideadligtributed
residuals and given larger sample sizes (what sample size is sufficient is not clear), meither o
residuals nor our sample size may be sufficient to rely on the procedure to arrive at the ideal
function complexity. We therefore opted for simpler models, specifying a maximum of four
knots, given that the relationships identified in Chapter 3 didsuggest that they should
require more than three splines to be sufficiently described. This number was selected to allow
for the parabolic linking function which might be required to describe these relationships, but
with an additional linear (or nearlyniar) spline, should any portion of an ID measure spectrum

not be associated with variance in response amplitude.

5.3.3. SemanticViolations, 306500 ms

In accordance with our findings regarding spline choice and function complexity, all
models describing violain effects were created using restricted cubic regression splines with a
maximum of four knots in any smooth term. The optimal model (as determined by AIC)

describing responses to semantic violations in the-300 ms time window was:
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Voltage ~ ConditioROIOSpant+ Condition:RCBpeaking/Grammar-
Condition:ROListening/Grammar+ Condition:RQlistening/VVocabulary+

Condition:ROI + Condition + ROI + (1 + ROI | Participant)

ID measures that were included in thraay interactions wittconditionand ROI
indicate those that were likely to affect violation processing. These measures are denoted in

bold and were modeled as smooth terms. Effects and interactions are discussed below.

The model included a significant effect of conditiéiL( 184 = 394.3,p < .001), ROI
(H8, 184 = 17.56 < .001), and their interactiori{8, 184) = 351.23 < .001). Poshoc
comparisons of the twavay condition by ROI interaction revealed that, acnoagicipants the
conditioncontrast was significant at all ROMhere significance was corrected for 9
comparisons using a Bonferroni adjustment. This interaction revealed a positive violation effect
at all anterior ROIs, and a negative effect at all central and posterior ROIls. The-parigtll
distribution of ths negative effect was consistent with the expected N400. Violation effects were
seen to have significant interactions with ROI and each of four ID measures: Listening/Grammar,
Speaking/Grammar, Listening/Vocabulary, and OSpan. These effects are outhigulreb.5

andTable5.2.

The overall positie violation effect at anterior ROIs, and negative effect at central and
posterior ROIs, was consistently depicted in thvesgy interactions between condition, ROl and
each of the ID measures. Overall, participants with higher Listening/Grammar scoresdstiow
stronger positive anterior response to semantic violations during this time window, as well as a
higheramplitude N400. Conversely, participants with lower Listening/Grammar scores showed
weaker responses. Participants with higher Speaking/Grammaessmmilarly showed a
stronger positive violation effect in anterior ROIs, though Speaking/Grammar scores did not

appear to strongly affect N40O amplitude at central or posterior ROIs.
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Overall, the opposite pattern was seen in the thigay interaction béwveen condition,
ROI and Listening/Vocabulary, as lovseoring participants showed both a stronger positive
response in anterior regions, with no strong influence of Listening/VVocabulary scores on N400
amplitude depicted. This pattern was also noted imtiggpants with lower OSpan scores, who
showed a stronger negative response in anterior ROIs, but limited influence of OSpan on N400

amplitude.

Each of these thregvay interactions to some degree showed sinusoidal fluctuations in
the relationship betweenD measures and the amplitude of the violation effect, whereby
increases in a score on any of the ID measures was associated with intermittent fluctuations in
the predicted amplitude of the violation effect. In some interactions, for example the anterior
midline ROI for the interaction between condition, ROl and Speaking/Grammar scores the strong
curvature of this fit appeared to be guided by small numbers of individuals. The effect of sample
size on the shape of smooth term fit will be considered below. ¢l@r, in some cases such as
the posterior midline ROI for this same interaction, it should be noted that the 95% CI of the
contrast could also contain an estimate with zero slope, suggesting that the nonlinear fit

depicted might not be required to descriltiee interaction.
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Figure5.5 Semantic violation effects in the 3800 ms time window. The combined 95%
confidence intervals of the sentence type estimates are shown, indicating where the two

significantlydiverge.
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Table5.2 List ofconditioneffects (violation vs. control) at each ROI across participants, and

significant threeway interactions betweenondition ROI, and ID measurdsffects are limited to

semantic violations in the 36800 ms time window.

Interaction ROI Violation ¢ Control Contrast
Anterior Left 1(201160) =19.9, p = <.001, ***
Anterior Midline 1(201160) = 14.08, p < .001, ***
Anterior Right t(201160) = 9.69, p < .001, ***
Conditionx Central Left t(201160) =4.52, p <.001, ***
ROI Central Midline t(201160) =25.67, p <.001, ***
Central Right (201160) =13.96, p < .001, ***
Posterior Left t(201160) =20.92, p < .001, ***
Posterior Midline t(201160) =32.49, p <.001, ***
Posterior Right t(201160) =23.03, p < .001, ***
Interaction ROI Control Sentences Violation Sentences
Anterior Left F(2.7,183.58) = 14.56, p < .001 *** F(1,183.58) = 0.1, p1=00
Conditionx Anterior Midline F(2.8,183.58) = 19.48, p < .001 *** F(1,183.58) = 0.05, p = 1.00
Anterior Right F(2.83, 183.58) = 12, p < .001 *** F(1,183.58) = 0.96, p = 1.00
ROI x Central Left F(2.95, 183.58) = 23.65, p < .001 *** F(1,183.58) = 0.03, p = 1.00

Listening/Grammar

Central Midline

F(2.86, 183.58) = 11.8, p < .001 ***

F(1,183.58) =0.48, p=1.00

Posterior Left

F(2.98, 183.58) = 37.52, p <.001 ***

F(1,183.58)=2.71, p=1.00

Posterior Midline

F(1,183.58) =0.92, p=1.00

F(2.96, 183.58) = 19.55, p < .091

Posterior Right

F(1,183.58) = 0.54, p =1.00

F(2.83, 183.58) = 4.88, p = 0.034 *

Conditionx
ROI x

Listening/Vocabulary

Central Left

F(1.03, 183.58) = 0.04, p = 1.00

F(2.93, 183.58) = 16.16, p < .001 ***

Central Midline

F(1,183.58)=0,p=1.00

F(2.9, 183.58) = 9.23, p < .001 ***

Posterior Left

F(2.88, 183.58) = 21.71, p < .001 ***

F(1,183.58) = 0.01, p=1.00

Posterior Midline

F(2.82, 183.58) = 9.45, p < .001 ***

F(1, 183.58) = 0.07, p = 1.00

Anterior Left

F(2.96,183.58) = 19, p < .001 ***

F(1,183.58) = 0.95, p=1.00

Conditionx
Anterior Midline F(1,183.58) = 0.5, p=1.00 F(2.98, 183.58) = 40.49, p < .001 ***
ROI x Anterior Right F(1,183.58) = 0.07, p =1.00 F(2.96, 183.58) = 21.73, p < .001 ***
Central Midline F(2.78183.58) = 17.34, p < .001 *** F(1,183.58) = 0.5, p=1.00
OSpan
P Posterior Left F(1,183.58) =3.39, p =1.00 F(2.73,183.58) = 14.67, p < .001 ***
Posterior Midline F(2.76, 183.58) = 13.49, p <.001 *** F(1,183.58) = 0.4, p=1.00
Anterior Left F(1,183.58)=0,p=1.00 F(2.91, 183.58) = 11.02, p < .001 ***
. . . - — = *kk
Conditionx Anterior Midline F(1,183.58) =0.19, p=1.00 F(2.99, 183.58) = 60.41, p <.001
Anterior Right F(1,183.58) = 0.27, p =1.00 F(2.98, 183.58) = 34.87<p001 ***
ROI x Central Left F(2.83,183.58) = 17.69, p < .001 *** F(1,183.58) = 0.37, p=1.00
Central Midline F(2.93, 183.58) = 26.51, p < .001 *** F(1.04,183.58) = 1.3, p = 1.00
Speaking/Grammar

Posterior Left

F(2.91, 183.58) = 27.94, p < .001 ***

F(1,183.58)=@=1.00

Posterior Midline

F(2.58, 183.58) = 5.95, p=0.013 *

F(1.62,183.58) = 0.48, p=1.00

Posterior Right

F(2.57,183.58) = 6.34, p = 0.039 *

F(1,183.58) =0.02, p =1.00
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5.3.4. Semantic Vblations, 600-800 ms

The model describing responsessiemantic violations in the 66800 ms time window,

which was arrived at through our Atltiven term selection, was:

Voltage ~ Condition:R@Span+ Condition:RCBpeaking/Grammar+
Condition:ROListening/Grammar+ Condition:RQlistening/VVocabulary+

Condtion:ROI + Condition + ROI + (1 + ROI | Participant)

The model included a significant effect of conditi®fl( 179 = 25.7f < .001), and an
interaction between condition and RG8, 179) = 100.05 < .001). Poshoc comparisons of
the two-way conditon by ROI interaction revealed that, acr@ssticipants the condition
contrast was significant at all ROIs except for anterior right. Significance was corrected for 9
comparisons using a Bonferroni adjustment. Overall, this condition contrast was/pcaitall
ROls, and showed significant negativity only in the anterior left ROI. This pattern was reflected in
the three-way interactions between condition, ROI and each of the ID measures. Specifically,
participants with lower Listening/Grammar scoressfed a stronger positive response at
central midline, posterior midline and posterior right ROIs, but no significant influence of
Listening/Grammar in other ROIs. Participants with lower Speaking/Grammar scores showed a
negative response at anterior left dranterior midline ROIs, but similarly no influence of
Speaking/Grammar scores on response amplitude was found in other ROIs. These effects are

outlined inFigure5.6 and Table5.3.

Listening/Vocabulary scores were not found to influence the amplitude of the violation
effect at any ROI, as while nonlinearities were seen in the smooth term for each ROI, the 95% CI
of this contrast either included zero pV at all points, or could cordaaareslope line at all

points, suggesting that these nonlinearities may not be required to describe the relationship.
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However, higher OSpan scores were associated with a stronger amplitude positive response at
all midline and posterior ROIs. This intetfan also demonstrated a degree of sinusoidal
curvature, conforming to a handful of the lowesind highestscoring participants, particularly

at the posterior left and central midline ROls.
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Figure5.6 Sermantic violation effects in the 66800 ms time window. The combined 95%
confidence intervals of the sentence type estimates are shown, indicating where the two

significantly diverge.
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Table5.3 List ofconditioneffects (violation vs. control) at each ROI across participants, and

significantthree-way interactions betweenondition ROI, and ID measurdsffects are limited to

semantic violations in the 66800 ms time window.

Interaction ROI Violation ¢ Control Contrast
Anterior Left t(201165) =5.08, p < .001, ***
Anterior Midline t(201165) = 8.36, p < .001, ***
Anterior Right t(201165) =2.16, p = .275
Conditionx Central Left (201165) = 7.29, p < .001, ***
ROI Central Midline t(201165) =28.57, p < .001, ***
Central Right t(201165) = 12.67, p < .001, ***
Posterior Left t(201165) = 12.72, p < .001, ***
Posterior Midline t(201165) = 22, p <.001, ***
Posterior Right t(201165) = 18.18, p < .001, ***
Interaction ROI Control Sentences Violation Sentences
Conditionx Anterior Midline F(1, 178.82) = 5.83, p = 0.283 F(2.77,178.82) = 8.34, p < .001 ***
ROI x Anterior Right F(1,178.82)=4.1,p=0.771 F(2.81, 178.82) = 13.34, p < .001 ***

Listening/Grammar

Central Right

F(1, 178.82) = 0.85, p = 1.00

F(2.59, 178.82) = 9.36, p < .001 ***

Posterior Left

F(2.84,178.82) = 4.91, p=0.041*

F(1, 178.82) = 0.86, p = 1.00

Conditionx
ROI x

Listening/Vocabulary

Anterior Midline

F(1, 178.82) = 1.55, p = 1.00

F(2.9,178.82) = 11.34, p < .001 ***

Central Midline

F(1, 178.82) = 2.43, p = 1.00

F(2.68, 178.82) = 7.51, p = 0.001 ***

Central Right

F(1, 178.82) = 0.06, p = 1.00

F(2.69, 178.82) = 15.65, p < .001 ***

Conditionx Central Left F(1, 178.82) = 0.01, p = 1.00 F(2.96, 178.82) = 16.67, p < .001 ***
ROI Central Midline F(2.97,178.82) = 22.26, p < .001 *** F(1,178.82) =6.84, p = 0.16
X
Posterior Left F(2.95,178.82) = 14.1, p < .001 *** F(1,178.82) = 0.87, p = 1.00
OSpan . -
Posterior Midline F(2.94,178.82) = 12.07, p < .001 *** F(1.04, 178.82) = 3.98, p = 0.749
Posterior Right F(1.01, 178.82) = 0.85, p = 1.00 F(2.8, 178.82) = 8.46, p < .001 ***
Anterior Left F(2.86, 178.82) = 11.75, p < .001 *** F(1,178.82) =7.29, p=0.124
Anterior Midline F(2.83,178.82) = 12.46, p < .001 *** F(1,178.82) = 10.91, p = 0.017 *
Conditionx
Anterior Right F(2.78,178.82) = 4.88, p = 0.023 * F(1,178.82) =2.2, p=1.00
ROI x Central Left F(1, 178.82) = 0.02, p = 1.00 F(2.93,178.82) = 12.81, p < .001 ***
) Central Midline F(1,178.82) =2.41, p = 1.00 F(2.49, 178.82) = 6.54, p = 0.004 **
Speaking/Grammar

Central Right

F(2.95, 178.82) = 19.07, p < .001 ***

F(1.02, 178.82) = 0.09, p = 1.00

Posterior Left

F(2.94,178.82) = 15.18, p < .001 ***

F(1, 178.82) = 0.43, p = 1.00

Posterior Midline

F(2.75,178.82) = 4.85, p = 0.026 *

F(1, 178.82) = 0.02, p = 1.00

Posterior Right

F(2.53, 178.82) = 7.43, p = 0.003 **

F(1.02,178.82) = 1.75, p = 1.00
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5.3.5. Phrase Structure Mlations, 300500 ms

The model describing responses to phrase structure violations ab300ns, which was

arrived at through our Alg@riven term selection, was:

Voltage ~ Condition:R@Span+ Condition:RCBpeaking/Grammar+
Condition:ROListening/Grammar+ Condition:RQlistening/VVocabulary+ Violation:ROI

+ Violation + ROI + (1 + ROI | Participant)

The model included a significant effect of conditié(il( 181= 6.57 p = .013), ROHS,
181=4.41p < .001), and their interactiorH8, 181) = 21.9§) < .001). Poshoc comparisons of
the two-way condition by ROI interaction revealed that, acnoasicipants the condition
contrast was significant at all R@bscept for anterior left, central midline, and posterior midline,
where significance was corrected for 9 comparisons using a Bonferroni adjustment. The violation
effect showed significant negativity at the central left and posterior left ROls, but was/pasi

all others.

The amplitude of phrase structure violation effects were seen to interact with four ID
measures across condition and ROI: Listening/Grammar, Speaking/Grammar,
Listening/Vocabulary, and OSpan. Specifically, participants with loweribtgsf@rammar scores
demonstrated a significant positive violation effect in left anterior ROI. No influence of
Listening/Grammar scores on response amplitude was seen in other ROIs. Concerning each of
Speaking/Grammar, Listening/Grammar and OSpan scoras,were found to significantly
influence the phrase structure violation effect amplitude during this time window. While these
ID measures occasionally showed divergence of the confidence intervals of the two sentence

types at midrange scores only, this warimarily due to narrow confidence intervals near the
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effects are outlined ifrigure5.7 and Table5.4.

Figureb5.7 Phrase structure violation effects in the 3800 ms time window. The combined 95%
confidence intervals of the sentence type estimates are shown, indicating where the two

significantly diverge.
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