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ABSTRACT

The declarative/ procedural (DP) model (Ullman, 2004), a neurocognitive model, 

posits that for late-learned second languages (L2s), both lexicon and grammar initially 

depend on declarative memory. With increased exposure, the DP model predicts that 

aspects of grammar become dependent on procedural memory. The DP model differs

from modular accounts (Schwartz & Sprouse, 2000), emergentist models (Ellis, 2008; 

MacWhinney, 2008), and other models that invoke the declarative/procedural distinction 

(DeKeyser, 2007; Paradis, 2004). 

It was hypothesized that internal and external variables would mediate the 

involvement of declarative and procedural memory in L2. First, it was predicted that 

learners would display individual differences in declarative and procedural memory 

abilities (Eichenbaum & Cohen, 2001; Fernandez et al., 2003; Seger & Cincotta, 2005b; 

Sirrien et al., 2007; Ullman, 2005). In addition, it was predicted that working memory 

would constrain involvement by the two memory systems (Cochran & colleagues, 1992, 

1999; Foerde et al., 2006). Finally, it was predicted that explicit instruction would

encourage reliance on declarative memory, while implicit instruction would encourage 

reliance on procedural memory (Fletcher et al., 2005; Morgan-Short, 2007; Poldrack et 

al., 2001). Thus, this investigation focused on how moderating variables affect the
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distinct contributions of declarative and procedural memory to L2 at different stages of 

proficiency.

Twenty-nine adult participants’ declarative, procedural, and working memory 

abilities were assessed before random assignment to explicit (N=15) or implicit (N=14)

instruction in an artificial language. Proficiency was assessed once learners reached low 

and advanced benchmark levels, ensuring all had obtained a comparable baseline level. 

L2 performance was assessed with grammaticality judgment tasks, while neurocognitive 

processes were assessed with event-related potentials (ERPs). 

There were several conclusions. Results for declarative memory suggest that 

CVMT scores predicted L2 performance across learners, but that type and extent of 

involvement was mediated by learning condition and proficiency level. Behavioral and 

ERP results for procedural memory suggest that implicit, but not explicit, instruction 

promoted proceduralization of grammar at advanced proficiency. Learners with high 

scores on the Weather Prediction Task, which assessed procedural memory abilities, 

displayed a different pattern of results from learners with low scores. Additional analyses 

indicated that attention and short-term memory capacity displayed opposite effects on 

declarative and procedural memory reliance in each condition. Finally, hierarchical linear 

regression indicated that combining Modern Language Aptitude Test scores (MLAT; 

Carroll & Sapon, 1959) with a measure of declarative memory better predicted low and 

advanced L2 proficiency than MLAT scores alone, but only in the explicit condition. 

Adding a measure of procedural memory did not improve the model in either condition

for any structure. Findings suggest learners relied on different cognitive abilities for 

comparable levels of L2, as mediated by ability differences and instructional conditions. 
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CHAPTER 1: INTRODUCTION

1.1 Statement of the Problem

In developing advanced proficiency in a second language (L2) grammar, adult 

learners potentially rely on different cognitive abilities at different points in development 

(Dornyei, 2005; Robinson, 2002a, 2005, 2008; Skehan, 2002). The range and extent of 

abilities tapped during L2 acquisition (SLA) may be affected by internal variables, such 

as memory abilities, and external variables, such as instructional methodology 

(DeKeyser, 2007; Dornyei, 2005; Ellis, 2005; Robinson, 2002a, 2005, 2008; Skehan, 

2002). The set of internal abilities that contribute to a general capacity for rapid and/or 

extensive SLA is collectively referred to as L2 aptitude (Carroll, 1962; Robinson, 2002, 

2005; Sawyer & Ranta, 2001; Skehan, 2002). For almost 50 years, L2 aptitude research 

has focused on a model that describes four cognitive factors derived from exploratory 

factor analysis: Rote Memory for Foreign Language Material, Phonemic Coding Ability, 

Inductive Language Learning Ability, and Grammatical Sensitivity (Carroll, 1958, 1962). 

However, this model has not incorporated important advances in both linguistics and 

cognitive (neuro-)science. Therefore, more recent aptitude research has begun to examine 

other cognitive abilities that may be important for SLA (e.g., working memory; Dörnyei, 

2005; Grigorenko, 2002; Kenyon & MacGregor, 2003; Miyake & Friedman, 1998; 

Robinson, 2002, 2005; Sawyer & Ranta, 2001; Skehan, 2002). Nevertheless, even recent 

research has not addressed a fundamental need to ground, interpret, and investigate L2 

aptitude within the larger context of theoretical models of SLA and neurocognition (e.g., 

full-, partial-, and no-access, emergentist, and cognitive neuroscience models). Such 
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theoretical clarity and support are essential for making valid and useful interpretations of 

research (Kamphaus et al., 1997).

Identifying which theoretically-based L2 aptitude abilities to examine is 

challenging, however, because different SLA and neurocognitive models of language 

implicate different cognitive abilities for the learning and use of an L2. An important 

distinction among competing models lies in their accounts of the learning and use of 

arbitrary (lexical) and rule-based (grammatical) language in L2. One possibility is that a 

common system underlies both lexicon and grammar (emergentist and no access models). 

In this first case, strengths in domain-general cognitive abilities would be expected to 

equally influence the rate and extent of both lexical and grammatical attainment. A 

second possibility is that domain-specific systems are dedicated to lexicon and grammar, 

respectively (full- and partial-access models). In this second case, neither system is 

expected to contribute to individual differences in SLA. Instead, domain-general learning 

mechanisms that interact with the domain specific systems (e.g., associative memory, 

reasoning abilities) are expected to affect the rate and extent of language “learning,” a 

form of language development that is independent of language “acquisition” subserved 

by domain-specific mechanisms (Krashen, 1982). A third possibility is that lexicon and 

grammar are subserved by declarative and procedural memory systems under specified 

conditions (cognitive neuroscience models). In this third case, strengths in declarative 

and procedural memory abilities are predicted to differentially influence the rate and 

extent of L2 lexical and grammatical attainment. Thus, the set of cognitive abilities 

underlying L2, and the nature of L2 development, vary according to each model. The 

focus of this dissertation is on this third possibility, based on the predictions of the 
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declarative/procedural (DP) model (Ullman, 2004; Ullman et al., 1997) and its 

implications for L2 aptitude. 

1.2 Memory Systems

1.2.1 Declarative Memory

As a storehouse for facts and events, the declarative memory system is the 

archetype of mainstream notions of memory. The declarative memory system subserves 

encoding, storage and associative processing of semantic (facts) and episodic knowledge 

(events). This declarative knowledge is very often amenable to conscious reflection 

(Eichenbaum & Cohen, 2001). In everyday life, the declarative memory system subserves 

a range of cognitive activities, including aspects of the lexicon and grammar. The 

following paragraphs provide an overview of encoding, storage, and retrieval processes, 

neural substrates, and the process of change over time in the declarative memory system.

1.2.1.1 Encoding

Information is encoded in the declarative system through association with other 

knowledge, while frequency of exposure, and often, attention to input, can promote 

encoding (Cowan, 1999; Eichenbaum, 2002; Engle, Kane, & Tuholski, 1999). 

Association. Memories are created through associating a representation with related prior 

knowledge (Eichenbaum & Cohen, 2001). Associations permit comparing and 

contrasting information, making inferences, and forming generalizations across facts 

(Eichenbaum & Cohen, 2001). Research suggests that the ability to make associations is 

mediated by the hippocampus (Eichnebaum  & Cohen, 2001). Exposure. Frequent 

exposure to or use of a representation affects its accessibility, leading to faster and more 

accurate recall. In addition, frequency may increase activation levels within declarative 
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memory system tissue (e.g., synaptic activity), “strengthening” the representation (i.e., 

Hebbian learning; Lovett et al., 1999). Attention. Attention may increase the likelihood of 

learning (Engle et al., 1999), but learning in this system may occur without it, as has been 

observed in experiments involving split-brain patients (cf. Cowan, 1999). The declarative 

memory system thus encodes information through constructing relationships among 

representations, while frequency and attention can increase the saliency or input.

1.2.1.2 Storage

The storage capacity for representations in the declarative memory system may be 

limitless (Cowan, 1999). Evidence from research on individuals without impairments and 

those with amnesia  suggests that the path from short-term representation to long-term 

engram occurs in stages (Eichenbaum & Cohen, 2001). Initial storage relies on medial 

temporal lobe structures, as described below, while long-term storage ultimately is 

subserved by neocortical areas (Eichenbaum & Cohen, 2001). This consolidation, or the 

establishment of long-term representations from short-term stores, may take months or

even years. 

1.2.1.3 Retrieval

Like encoding, retrieval from the declarative system is dependent on associative 

processes (Ericsson & Delaney, 1999) and facilitated by frequent and recent use (Lovett 

et al., 1999). When a particular fact or event is recalled, associated information also 

becomes activated, and thus more easily accessible (Cowan, 1999; Eichenbaum, 2002). 

Retrieval from the declarative system, putatively a function of working memory, is 

thought to become more rapid and less effortful with practice (Lovett et al., 1999; Miyake 

and Shah, 1999). Retrieval of lexical items is subserved by the basal ganglia and portions 
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of the inferior frontal gyrus (i.e., operculum and triangular areas; Ullman, 2007)—

substrates that also subserve the procedural memory system.

1.2.1.4 Neural Correlates of the Declarative Memory System

The primary neural components underlying the declarative system are in the 

medial temporal lobe—the hippocampus (Ammon’s Horn, dentate gyrus, and subiculum) 

and parahippocampal area (parahippocampus, entorhinal cortex, and perirhinal cortex)—

and in neocortex (Eichenbaum & Cohen, 2001; Squire, Stark, & Clark, 2004). Several 

additional areas cooperate in carrying out functions related to the declarative memory 

system. Eichenbaum (2002) includes cingulate cortex, prefrontal and parietal areas, 

association cortex, and temporal lobes. Within the declarative memory system, the 

hippocampus has received attention in particular because it is one of the few regions in 

the brain where plasticity has been documented in adults.  

1.2.1.5 Change Over Time in the Declarative Memory System

As mentioned above, development of a memory in the declarative memory system 

takes place in stages. The first stage is mediated by the parahippocampus. Through a 

large body of lesion and neuroimaging research involving both humans and animals, it 

has been suggested that a new memory is initially processed rapidly through a 

parahippocampal buffer (Eichenbaum and Cohen, 2001; Fernandez et al., 1999; D. L. 

Schacter & Wagner, 1999). Here, perceptual information from neocortical regions is 

encoded and sustained, despite interference of intervening processes (Eichenbaum, 2002). 

Comparisons take place between very new information and less-new information in this 

intermediate-term storage area. Hippocampal activation follows parahippocampal buffer 

activation. The hippocampus is composed of pyramidal cells that change synaptic 
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patterns rapidly in response to incoming stimuli. The hippocampus does not store 

memories, but rather processes comparisons between new and old information, and 

promotes connections among cortical areas for long-term storage (Alvarez & Squire, 

1994; Eichenbaum, 2002). In its absence, rapid association-based learning is dramatically 

curtailed, as observed in amnesics (Eichenbaum, 2002).Ultimately, memories are 

consolidated long term in neocortex, particularly the temporal lobes. Relative to 

hippocampal cell activation, cortical cell activation patterns develop more slowly and 

become more stable with time (Eichenbaum, 2002). Neocortex is the site of the 

declarative system’s immense storage capacity (Alvarez & Squire, 1994). The strength of 

connectivity in the cortex is enhanced by frequent hippocampal activation (Eichenbaum, 

2002). 

1.2.2 Procedural Memory

In the fields of cognitive neuroscience, psychology, and applied linguistics, the 

definition of procedural memory is inconsistent (Table 1). In this investigation, the 

procedural memory system specifically refers to a habit/skill system specializing in 

sequencing and serial processing, and not to other implicit memory systems such as those 

subserving conditioning, priming, and reflexive learning (Squire & Knowlton, 1994). The 

procedural memory system underlies knowing how to perform an action or task (Beggs et 

al. 1999). This system underlies skilled performance on tasks with complex input or 

response options, although its contribution to these tasks has been attributed to at least 

three functions:  learning and executing input/response options, resolving competition 

among options, or manipulation and shifting of options is an empirical question 

(Eichenbaum, 2002). In everyday life, the procedural memory system subserves implicit 
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sequencing behaviors, such as integrating the complex movement routines needed to 

drive a car, and is posited to subserve aspects of grammar (Friederici & Kotz, 2003; 

Ullman, 2004; Ullman et al., 1997). The following paragraphs provide an overview of 

encoding, storage, and retrieval processes, neural substrates, and the process of change 

over time in the procedural memory system.

Table 1. Definitions of the Procedural System across Research Paradigms.
Source Description

Anderson (1993),

Cognitive 

Psychology

The ACT model series posits any manipulation of declarative 

units is handled by a procedural system. The system functions 

through goal-driven behavior. Production templates for 

procedures are strengthened with practice. The ACT procedural 

system handles a broad range of functions. It is not tied to 

specified neural correlates.

Flanagan et al. 

(2000),

Psychometrics

 “Procedural knowledge refers to the process of reasoning with 

previously learned procedures in order to transform knowledge” 

(p. 30). This definition encompasses a wide range of mental 

operations. It is used in psychometric paradigms involving 

intelligence testing.

Paradis (2004)

Psychology

Any implicit learning is characterized as “procedural,” including 

lexical learning.

Skehan (1998),

SLA

An L2 process has become “proceduralized” when the learner has 

achieved automaticity in using it (pp. 60-61). With practice, 

learners use this non-conscious processing in comprehending or 



8

Source Description

producing the L2. Proceduralization is not tied to neural systems.

Squire and Knowlton 

(2000),

Neuroscience

Many non-explicit memory systems are often termed 

“procedural,” notably: skill and habit learning (striatal), priming 

(neocortex), basic associative learning (amygdala or cerebellar), 

and non-associative learning (reflex pathways). However, 

“procedural” learning is used to refer solely to the skill and habit 

learning system.

1.2.2.1 Encoding, Storage, and Retrieval

Procedural representations are processes or routines, rather than items (Conway & 

Christiansen, 2002; Eichenbaum, 2002; Ullman, 2004). Development of routines and 

procedures is gradual, with practice, and presumably cannot benefit from feedback 

(Gabrieli, 1998; Howard et al., 2004; but see Desmond & Fiez, 1998). Consolidation may 

be mediated by the cerebellum (Desmond & Fiez, 1998) and/or interactions between 

striatal and frontal lobe regions (Dominey, Hoen, Blanc, & Lelekov-Boisard, 2003). 

Unlike declarative knowledge, procedural knowledge cannot be retrieved consciously, 

but instead is retrieved while performing the routine (Tulving, 2000). 

1.2.2.2 Neural Correlates of the Procedural Memory System

Procedural memory is dependent on the basal ganglia, cerebellum, and frontal, 

parietal, and temporal lobes (Gabrieli, 1998; Squire and Zola, 1996; Ullman, 2004). In 

the basal ganglia, the striatum consists of a set of nuclei (caudate nucleus and putamen)

that receive inhibitory input from all areas of cortex (Eichenbaum, 2002; Mink, 1999). 
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The striatum is divided in two (dorsal and ventral), and of these, the dorsal region is 

implicated in procedural memory, while the ventral region is implicated in aspects of 

reward and fear-based learning (Eichenbaum & Cohen, 2001). Striatal outputs lead to

other regions within the basal ganglia and to the thalamus (Eichenbaum, 2002). The

thalamus projects to the cortex, and the cortex (frontal, medial temporal regions) projects 

back to the basal ganglia, creating a loop (Eichenbaum, 2002). Thus, the striatum may 

influence neural activity in areas with which it has no direct connection.

The basal ganglia consist of five circuits that subserve motor, emotional, and 

cognitive processes (Gabrieli, 1998). Each circuit putatively mediates striatal-thalamic-

cortical functions in separate motor or cognitive domains using a common underlying 

abstract or computational property (Gabrieli, 1998). The five parallel circuits connect 

subcortical structures to cortical areas, including motor, oculomotor, dorsolateral 

prefrontal and lateral orbitofrontal cortex, and the anterior cingulate (Mink, 1999). Given 

the basal ganglia’s prolific connectivity throughout the brain, it is unsurprising that they 

are implicated in a number of functions. Ullman (2004) lists several of these: implicit 

procedural learning, stimulus-response learning (especially egocentric), probabilistic rule 

learning, sequence learning, reward-based learning (ventral striatum), real-time motor 

planning and control (especially that which requires precise timing or selecting or 

switching among motor programs), mental rotation, interval timing and rhythm, and 

context-dependent rule-based selection and maintenance in working memory of sets, 

functions or programs, and shifting between them in real-time. While circuits are 

separate, they have similar computational hardware at the level of systems and cells. 
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Therefore, research on one system subserved by the basal ganglia, such as the motor 

system, may be (cautiously) applied to another, like language, or vice versa. 

The cerebellum consists of distinct regions with separate functions (Desmond & 

Fiez, 1998) and is traditionally associated with motor control and learning (Eichenbaum, 

2002). It has been implicated in classical conditioning, rotary pursuit, trajectory learning, 

sequence learning and timing. The cerebellum may be necessary for memory 

consolidation in skilled learning, as shown by activation patterns following training of 

various skills (Desmond & Fiez, 1998). Evidence from individuals with cerebellar 

impairments suggests that its involvement is not required for functional language use 

(Desmond & Fiez, 1998). Cerebellar dysfunction, through participation in the cerebello-

thalamo-cortical loop, may nevertheless alter processes associated with procedural-based 

language (Fabbro, 2000). 

The frontal lobes (premotor, supplementary motor, pre-supplementary motor, 

motor, inferior frontal lobes including Broca’s area in the left hemisphere (BA 44, 45)) 

subserve the procedural system (Eichenbaum, 2002; Ullman, 2004). These regions are 

associated with language and motor processes such as articulation, movement, planning, 

selecting among, and executing actions or speech (Schluter et al., 2001). Motor cortex is 

associated with skill learning generally, while premotor cortex appears to be critical only 

in initial stages of learning a skill and not for overlearned or familiar skills (Eichenbaum, 

2002). 

1.2.2.3 Change over Time in the Procedural System 

The nature of learning in the procedural system appears to be relatively slow, 

implicit, and context-dependent (Eichenbaum, 2002; P. Reber, Knowlton, & Squire, 
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1996; P. Reber, 2002). Relative to declarative memory, the rate of development of 

representations in procedural memory is slower (Eichenbaum, 2002). Initial procedural 

learning is characterized by errors. This early phase of learning has been described as 

data-driven, and it is postulated that learners simply react to events as they occur 

(Howard et al., 2004). With numerous exposures to stimuli, pattern learning emerges. 

This latter phase has been described as knowledge-driven and is characterized by better 

accuracy and faster reaction times (Howard et al., 2004). The rate and extent of learning 

may be inversely related to the complexity of the pattern to be learned: increased 

complexity is associated with slower learning rate (Howard et al., 2004). Precise 

knowledge of patterns learned by the procedural memory system may not be consciously 

accessible, in that learners cannot accurately report or consistently replicate patterns 

learned in laboratory settings during free recall (Howard et al., 2004; but see reviews by 

Robinson, 1995, 2003). 

In sum, procedural memory specializes in acquiring and executing patterns, 

sequences, and probabilistic codes—a set of functions very different from the repository-

like function subserved by the declarative memory system. Procedural memory is 

subsreved by neural correlates in left frontal, frontal, and subcortical regions. Pattern 

learning purportedly takes place without conscious involvement. In the next section, the 

relationship between declarative and procedural memory is discussed. 

1.2.3 Relationship between Declarative and Procedural Memory

The procedural system is dissociated from the declarative system, and vice versa, 

yet they work together dynamically (Poldrack and Packard, 2003; Poldrack & Rodriguez, 

2003, 2004; Schendan, Searl, Melrose, & Stern, 2003; Ullman, 2004). The clear 
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demarcation between the two systems has been well documented in the famous case of 

patient H. M., who underwent surgery that removed two-thirds of his hippocampus, the 

amygdala, and surrounding cortex, resulting in severe impairment of declarative memory 

(graded retrograde amnesia and severe anterograde amnesia). Nevertheless, H. M. 

retained the ability to acquire, plan, and execute skills now associated with procedural 

memory. The specificity of H. M.’s lesion, coupled with adequate documentation of his 

case history, provides strong evidence for a dissociation between the two systems 

(Eichenbaum & Cohen, 2001).

Because the declarative system may acquire representations more rapidly than 

procedural memory, the execution of actions involving patterns may initially rely on 

declarative memory, which allows rapid encoding and storage (Eichenbaum, 2002; 

Poldrack and Packard, 2003). With practice, input and execution of the skill becomes 

dependent on the procedural system (Poldrack and Packard, 2003). Crucially, knowledge

does not shift from declarative memory to procedural memory; instead, real-time reliance

shifts to the procedural memory system. Once a procedural representation has been 

established, it may predominate (Eichenbaum, 2002).

Despite the above focus on separability, the declarative and procedural memory 

systems interact to perform tasks. The interaction between the two systems is likely due 

to substantial inter- connectivity, both direct and indirect, and neurochemical modulation 

between the substrates of each system (Desmond and Fiez, 1998; Eichenbaum, 2002; 

Matsumoto et al., 2004; Poldrack and Packard, 2003; Poldrack & Rodriguez, 2003, 2004; 

Ullman, 2004). The interaction of the two systems in terms of “three Cs”—cooperation, 

compensation, and competition—are discussed below. 
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1.2.3.1 Cooperation

Evidence from lesion studies suggests that the declarative and procedural memory

systems cooperate in performance on language and other cognitive activities. To illustrate 

how thse two systems cooperate, two processes are described. First, the manner in which 

procedural skills are learned is described. Second, the manner in which procedural skill 

knowledge is transferred to a new situation is described. 

The manner in which declarative and procedural memory interact to promote 

procedural learning may be mediated by working memory. Procedural learning may take

place as a result of manipulating items simultaneously held in short term memory 

(Salthouse, 1996). Declarative memory may facilitate this process, as short term memory 

has been posited to be the portion of long term memory in a state of heightened activation 

(see discussion below; Cowan, 1999). Conversely, impaired declarative memory may 

prevent successful procedural learning, because items cannot be held in short term

memory for purposes of comparison (Cermak, 2000; Howard & Howard, 1997).

Evidence from individuals with amnesia illustrates this interaction. The performance of 

individuals with and without amnesia was compared on the weather prediction task

(WPT; Knowlton, Squire, & Gluck, 1994), a probabilistic learning task where success 

depends largely on striatal substrates (Poldrack & Packard, 2003). Initially, amnesic 

patients can perform the task as well as unimpaired controls during the first 50 trials 

(Knowlton, Squire, & Gluck, 1994). However, the underlying cognitive differences 

between amnesics and controls become apparent as training continues, as amnesic 

performance decreases relative to controls, who improve (Knowlton, Squire, & Gluck, 

1994). Other research suggests that participants show both striatal and hippocampal 
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activation initially, with hippocampal involvement gradually de-activating over the 

course of the first 48 trials, and striatal activation ultimately taking over (Poldrack & 

Packard, 2003). Poor ultimate attainment by amnesics on this task may result from an 

inability to use initial declarative knowledge about the cues in learning patterns (Meeter 

et al., 2006). Ultimately, amnesic learners cannot progress beyond the early data-driven 

stages to the knowledge-driven later stages that, ironically, do not require hippocampal 

processes. If generalizable, these results suggest that early hippocampal processes are 

needed to succeed in certain primarily striatally-mediated abilities. 

A second example of cooperation between the two systems pertains to transfer. 

Research on hyperspecific learning suggests that declarative memory may play a crucial 

role in transfer of skill learning (Glisky, D. L. Schacter, & Tulving, 1986; P. Reber, 

Knowlton, & Squire, 1996; D. L. Schacter, 1985). Using the WPT, P. Reber, Knowlton, 

and Squire (1996) examined amnesics’ abilities to transfer probabilistic knowledge to a 

new task requiring the integration of the same probabilistic knowledge and cues. Using a 

computer, participants learned to classify the sets of cues over 50 trials. For the transfer 

task, participants examined paper cards with the same cues, and were asked to identify 

the ones that were important for predicting weather outcome. Participants with amnesia,

relative to controls, were unable to transfer implicit knowledge about the cues to the new 

domain. P. Reber et al. (1996) argue that procedural learning is thus inflexible and highly 

context-dependent in the absence of declarative resources. Their results suggest 

impairment of the hippocampal-based system impairs transfer of procedural learning to 

new contexts. When both systems are functioning normally, the declarative system may 
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facilitate the extension, or association, of implicit probabilistic (procedural) knowledge to 

new situations. 

Additional evidence that suggests that declarative processes facilitate transfer of 

procedural skills is observed in tasks involving very limited semantic value, and thus 

limited involvement of declarative memory. In implicit pattern learning subserved by 

procedural memory, such as alternating serial reaction time tasks, pattern transfer is either 

specific to modality (e.g., aural versus written) or simply not observed (cf. Howard et al., 

2004; A. Reber et al., 1991). Thus, it seems that associative memory allows substitution 

of items or concepts within the procedural system.

In sum, evidence suggests that procedural development and transfer may be

curtailed without recourse to declarative processes, even when the procedural system is 

intact. In short, impairment of associative abilities in the declarative system is expected to 

indirectly limit the extent of procedural learning in certain types of tasks. This evidence 

suggests the systems cooperate under normal conditions. 

1.2.3.2 Compensation

The declarative and procedural memory systems may compensate for each other’s 

weaknesses. Input may be encoded and stored simultaneously in both systems, which will 

develop representations consistent with their cellular and computational processes. The 

ability to develop representations in multiple memory systems, or functional redundancy, 

serves as useful compensatory mechanism in the event of loss of one system due to 

accident or disease (Sherry and D. L. Schacter, 1987). For example, individuals with 

amnesia, in the absence of hippocampal resources, may develop more robust procedural 

memory function, and may outperform controls without impairments on some tasks 



16

(Eichenbaum, 2002). In contrast, deficits in procedural memory may lead to reliance on 

declarative memory, as has been robustly demonstrated in water maze tasks involving 

rats and demonstrated in a variety of studies with humans (Eichenbaum, 2002). In 

language, it is posited that either memory system may be relied upon for aspects of 

grammar, especially less-complex structures (Ullman, 2007). For example, it is possible 

to memorize chunks or formulae (red truck) in declarative memory while also acquiring 

the hierarchical computational pattern for combining the two words (adj + noun; Ullman, 

2004). In typical language use, either the memorized chunk or the computed form may be 

given, with little effect on real time conversational demands. Interestingly, in felicitous 

circumstances, deficits are not noticeable; rather, they tend to become obvious only on 

tasks that index abilities that rely heavily on the impaired system (Eichenbaum, 2002). 

1.2.3.3 Competition

Particularly strong representations in either the declarative or procedural memory 

system may suppress representations in the other system (Poldrack and Packard, 2003). 

Evidence for competition among these systems has been observed in rats that received 

glutamate injections to either the hippocampus or the striatum (caudate). Glutamate 

enhanced the contributions of the targeted system, blocking participation from the non-

enhanced system (Poldrack, et al., 1999). The same trend has been observed in imaging 

studies of unimpaired human performance on the WPT. As described above, initial 

performance is marked by activation in the striatum and the hippocampal region 

(Poldrack & Packard, 2003). With practice, activation is attenuated in hippocampal 

regions. Furthermore, this deactivation in the hippocampus is negatively correlated with 

caudate activation, suggesting the systems are competing and that the striatal system has 
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taken over (Poldrack & Packard, 2003). The procedural system may take over when it 

can, even if initially the declarative system is involved (Eichenbaum, 2002). When the 

declarative system is more necessary to task completion, which may occur through 

explicit instruction on the WPT (i.e., learning classifications through paired associates 

training), the switch to procedural system reliance may not be observed (144 trials; 

Poldrack & Packard, 2003). In sum, robust activation in one system appears to produce 

an ex nihilo impairment in the other.

To summarize, there is substantial interaction between the declarative and 

procedural memory systems in the form of cooperation, compensation, and competition. 

Then two systems cooperate with each other in learning skills, especially those that 

involve semantic components. When one system is impaired, the other may compensate 

for it in a manner reflects its computational properties. Finally, one system may suppress 

the other under different circumstances. In the next section, some of the internal and 

external variables that affect procedural learning are discussed.

1.2.4 Internal and External Variables that May Affect Declarative and Procedural 

Learning

Internal and external variables may affect declarative and procedural learning. 

Internal variables are those factors which create individual differences in the strengths of 

the declarative and procedural memory systems. External variables include factors such 

as learning conditions, which may promote learning in one system more than in another. 

In terms of the current investigation, these factors potentially affect the degree to which 

each memory system is accessed for SLA, as well as the neural processes that underlie 
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L2. Some of the internal and external variables that affect declarative and procedural 

learning are described next.

1.2.4.1 Internal Variables

Individual differences in the declarative and procedural memory system strengths 

may affect processes of cooperation, compensation, and competition. Internal sources of 

variability may arise from injury, disease, or other biological factors, including 

anatomical, hormonal, and genetic variation (Eichenbaum & Cohen, 2001; Gilbert, 2005; 

Sirrien et al., 2007; Ullman, 2005; Vakalopoulos, 2006). Furthermore, individual 

differences in other cognitive systems, such as working memory, specifically short-term 

memory and attention, may influence declarative and procedural learning. Attenuation of 

these systems may encourage reliance on the procedural system, while enhancements of 

these systems may encourage reliance on the declarative system (Foerde, Poldrack, & 

Knowlton, 2006; Eichenbaum & Cohen, 2001; Howard & Howard, 1989; Howard et al., 

2004; Kathman et al., 2005; Marsh et al., 2004; Knowlton, Mangels, & Squire, 1996; 

Knowlton et al., 1996; Nissen & Bullemer, 1987; Seger & Cincotta, 2005; Shin & Ivry, 

2003; Shohamy et al., 2004). Thus, variation is likely in terms of the extent to which 

individuals rely on the two memory systems. 

1.2.4.1.1 Working memory. The working memory system subserves a set of short 

term-storage and attentional mechanisms that differentially interact with the declarative 

and procedural memory systems. The processes inherent to most working memory 

models are encoding into short term storage, maintenance in short term storage (e.g., 

rehearsal), retrieval from long term storage, and the control and regulation of 

representations (e.g., focal attention; Kintsch et al., 1999). At least two types of working 
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memory systems may be distinguished (Ullman & Pierpont, 2004). The first interacts 

predominantly with declarative memory and is associated with encoding. Attention and 

awareness components of working memory at the level of noticing are important for 

encoding (Cowan, 1999; Robinson, 1995). Augmented or diminished working memory 

capacity should directly affect the rate, and possibly the extent, of declarative learning. 

The second is more involved with procedural memory, and underlies the ability to 

retrieve items from declarative memory at a rate that aligns with procedural timing 

mechanisms. Because procedural timing mechanisms may be somewhat idiosyncratic

(and are poorly understood), the optimal retrieval speed may vary for each individual 

(Ullman & Pierpoint, 2004). Thus, individual differences in working memory may affect 

rehearsal and maintenance functions or retrieval functions, or both, and these may in turn 

differentially affect declarative and procedural learning and performance. 

1.2.4.1.2 Individual differences in declarative memory. In individuals without 

impairment, individual differences in declarative memory may be related to lateralization

(bilateral versus dominant in one hemisphere) and activation levels of neural substrates, 

among other variables. Neural lateralization may affect task performance because there 

may be less plasticity in the declarative memory system, and there may be less activation 

in declarative substrates (Fernandez et al., 2003). Although many factors might influence 

declarative memory, research on hormones illustrates these concepts and thus will be 

briefly summarized here. Hormones are among the many neuromodulators that may 

affect declarative memory. Evidence from research on individual differences suggests 

that neural lateralization of processes subserved by the medial temporal lobe (e.g., 

aspects of language, visual-spatial, and face recognition) may be affected by hormones.
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Evidence from research on gender differences suggests that aspects of cognition 

subserved by declarative memory tend to be bilaterally represented in females, but left-

lateralized in males (Bryden, 1979; Hausmann & Güntürkün, 1999). These differences 

may be attributed to females’ relatively higher levels of estrogen, a sex hormone that is 

also a neuromodulator that promotes plasticity in the declarative memory system 

(Ullman, 2005). Gender differences have also been attributed to males’ relatively higher 

levels of testosterone, which may promote neural asymmetry during development 

(Geschwind and Galaburda, 1985). Evidence from research on hormonal fluctuation 

within participants over time suggests that in addition to estrogen and testosterone, 

progesterone may affect lateralization of declarative memory. Behavioral and fMRI 

research on low- and high-steroid phases in women over the course of the menstrual 

cycle suggests that higher levels of progesterone or progesterone in combination with 

estrogen may increase left hemispheric participation in cognitive processes, while lower 

levels are associated with more bilateral activation (Fernandez et al., 2003; Hausmann, 

Becker, Gather, & Güntürkün, 2002; Hausmann & Güntürkün, 2000). In fMRI research 

on a lexical decision task, Fernandez et al. (2003) found that higher levels of 

progesterone predicted less activation of medial temporal substrates, while lower levels 

predict bilateral activation at higher levels. Activation levels may be important for 

predicting successful declarative learning. Research suggests that learning new 

information is related to increased neural activation in the hippocampus, posterior frontal 

regions (operculum) and inferior prefrontal cortex (Fernandez & Tendolkar, 2001). Taken 

together, research suggests that individual differences in hormonal milieu may affect the 

extent to which unilateral or bilateral substrates are recruited, and the degree to which 
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they are activated. While the current investigation will not directly examine the effects of 

hormonal milieu on declarative memory, research on hormones suggests that individual 

differences in declarative memory are common across (and even within) individuals. 

Differences in declarative memory abilities will be examined in the current investigation.

1.2.4.1.3 Individual differences in procedural memory. Recent fMRI research in 

nonlinguistic domains suggests that individual differences are reflected in the degree and 

distribution of neural activation of procedural substrates. Neural activation in successful 

procedural learners, relative to unsuccessful procedural learners, may increase, decrease, 

or be redistributed (Heun et al., 2004; Rauch et al., 1997; Seger & Cincotta, 2005a, 

2005b; Sirrien et al., 2007). Research on various behavioral tasks illustrates these 

concepts. In an investigation of motor sequence learning (i.e., finger tapping on a keypad) 

of a 15-item sequence that was too long be memorized, successful learners were 

distinguished from unsuccessful learners by right- as opposed to left-lateralized cortical 

activation in motor regions underlying procedural memory during encoding (right middle 

frontal gyrus, right inferior parietal gyrus). During retrieval, successful learners, in 

contrast to unsuccessful learners, also displayed broadly distributed right-hemisphere-

based neural activation (right middle frontal gyrus, right inferior paretial gyrus as 

opposed to just the left precentral gyrus; Heun et al., 2004). Other research from 

performance on the serial reaction time task (SRTT), a task where participants learn a 12-

item repeating sequence, further implicates neural pattern differences as a function of 

ability level. Participants who showed robust learning as measured by decreased reaction 

time (RT) also showed significant activation in procedural memory (putamen); those who 

did not show robust learning did not display this pattern (Rauch et al., 1997). Moreover, 
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among successful procedural learners, the magnitude of signal change corresponded with 

RT speed. Thus, RT advantage on this task appeared to depend on differential reliance on 

procedural resources, and this is evident in neural activation pattern differences (Rauch et 

al., 1997). 

In research on two other tasks, Seger and Cincotta (2005a, 2005b) found that 

successful procedural learners recruited  procedural neural substrates (body and tail of the 

caudate) to a greater degree than unsuccessful procedural learners during learning (a)

probabilistic classification and (b) rules. In a study on probabilistic classification learning 

(i.e., WPT, single-cue version), more-successful learners displayed more activation in 

procedural regions (bilateral body and tail of the caudate and putamen) while learning, 

especially during the second half of training (Seger & Cincotta, 2005a). In addition, 

successful classification correlated negatively with activation of declarative memory 

(hippocampus; Seger & Cincotta, 2005a). In these two studies, for successful learners, 

rule learning and probabilistic classification in nonlinguistic domains was subserved by 

the procedural memory system and reliance on the procedural system increased as 

learning took place. In the rule-learning study (Seger & Cincotta, 2005b), participants 

were asked to learn rules for visual letter patterns without explicit instruction. Instead, 

they received positive (Right!) and negative (Wrong) feedback after guessing. Faster rule 

learners showed more activation in procedural memory substrates (caudate body and tail), 

while slower learners showed more activation in a region that subserves declarative 

memory (hippocampus). For successful learners, activity subserved by the procedural 

system increased during rule-learning while activity subserved by the declarative system 

decreased. However, after learners began to consistently apply the rules successfully, 
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activation switched back to declarative substrates (hippocampus).  In sum, research on 

procedural memory demonstrates that individual differences in reliance on the procedural

system can lead to differences in cognitive processes. These individual differences will 

be examined in the current investigation.

1.2.4.2 External Variables

In addition to individual differences, external influences, such as whether 

instruction is implicit or explicit, may also affect neural representation. Research suggests 

that implicit training, where sequence or rule-based learning takes place through trial and 

error with minimal feedback, typically favors procedural memory, whereas explicit 

training, where sequence or rule-based learning occurs through memorizing the sequence 

or rule, may favor other systems (Fletcher et al., 2005; Poldrack et al., 2001). This 

finding has been reported in behavioral and neuroimaging research on the SRTT 

(Aizenstein et al., 2004; Fletcher et al., 2005; Kathman et al., 2005; Schendan et al., 

2003). Research on learners with impaired procedural memory indicates that procedural 

memory dysfunction may lead to impairments in learning or the complete inability to 

learn through implicit instruction (Howard, Howard, Japikse, & Eden, 2006; Knowlton, 

Mangels, & Squire, 1996). In research on learners without impairments, the pattern of 

involvement of different neural substrates is affected by instruction. On the one hand, 

explicit instruction on the SRTT may promote activation of neural resources that underlie 

working memory (e.g., prefrontal cortex during learning, anterior cingulate cortex during 

retrieval) in addition to those that underlie procedural memory (Aizenstain et al., 

2004).On the other hand, research using a complex alternating serial reaction time task 

(ASRT) suggests that implicit instruction leads to a significant decrease in activation of 
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the neural substrates underlying declarative memory (medial temporal lobe; Fletcher et 

al., 2005).  In other words, the proportion of activation attributable to procedural memory 

activity may decrease during and following explicit instruction, but may increase during 

and following implicit instruction.  

Additional evidence that instructional conditions differentially engage procedural 

substrates comes from research on probabilistic classification. Poldrack et al. (2001) 

compared neural activation patterns in probabilistic classification learning (WPT, multi-

cue version) based on feedback (e.g., sun or rain; implicit) or memorizing paired 

associates (explicit). While the two groups did not differ in terms of ultimate attainment, 

participants in the feedback (implicit) condition showed activation in procedural memory 

substrates (bilateral caudate) and widespread cortical regions. At the same time, 

deactivation was observed in regions that subserve declarative memory (medial temporal 

lobe). This deactivation correlated significantly with (right) caudate activation. In 

contrast, paired associate (explicit) instruction generated more activation in regions that 

subserve declarative memory (medial temporal lobe) and less activation in procedural 

substrates (caudate). As with Fletcher et al.’s (2005) ASRT work, this research suggests 

that procedural memory substrates are more strongly engaged in implicit training. 

Although not a direct measure of procedural memory, a recent ERP investigation 

of SLA explored differences in neural processing following explicit and implicit L2 

instruction. Morgan-Short (2007) compared the neural representation of L2 in adult 

learners who have achieved equal levels of proficiency. She found that the cognitive 

representation of L2 differed as a function of instructional methodology. In the implicit 

condition, two L2 grammatical structures, agreement (morphosyntax) and phrase 
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structure (syntax), elected neural patterns suggestive of procedural memory involvement 

(see discussion below on event-related potentials). No such patterns were found for 

learners who received explicit instruction. These findings for the implicit, but not 

explicit, further suggest that learning conditions modulate neural processes. 

Research suggests that learning context may differentially engage the declarative 

and procedural systems in learning through manipulating reliance on working memory. 

fMRI research suggests that when learners’ abilities to attend to learning sequences are

reduced, for example through attentional suppression or use of a pattern that is too 

complicated to retain in working memory, neural activation in the procedural system 

increases relative to activation in the declarative system, which decreases (Lieberman et 

al., 2004; Poldrack et al., 2001; Poldrack & Rodriguez, 2004). In contrast, learning which 

promotes overt memorization of sequences increases activation in the declarative system 

(Poldrack et al., 2001). Given these findings, working memory capacity may act as a 

filter under different learning conditions, either facilitating or restricting learning in the 

declarative and procedural memory systems. Therefore, individuals with more working 

memory capacity and/or strong declarative memory abilities may uniquely benefit from 

explicit instruction, while individuals with less working memory capacity and/or high 

procedural abilities may uniquely benefit from non-instructed pattern learning.

1.3 Event-Related Potentials (ERPs)

While the previous sections have described research on neurocognitive memory 

systems, the remainder of the chapter describes research methodology used to investigate

the time sequence of brain activity, event-related potentials (ERPs). ERPs are brain wave 

(electrical potential) deflections that occur in response to stimulus events. Electrical 
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signals in the brain are detected by electrodes positioned around the scalp in a 

standardized pattern. This non-invasive technique records brain wave activity virtually as 

it occurs, providing moment-by-moment information on the timing of neural events 

(Luck, 2006). ERPs provide information about the timing of neural events in language, 

potentially even distinguishing among automatic and controlled processes (Friederici, 

2002). Through an analysis method involving filtering data and then averaging the 

electrophysiological response to target stimuli over numerous trials, an output is 

generated that consists of peaks and troughs mapped out over time. In analyzing ERPs, 

the amplitude (peakedness), latency (timing), polarity (positive or negative), and 

distribution (anterior or posterior regions; central or lateralized) are considered. ERPs are 

sensitive to a variety of linguistic phenomena in L1, including incongruous semantics

(e.g., He spread the warm bread with *socks) and violations of morphosyntax (e.g., 

agreement violations) and syntax (e.g., *The eats girl spaghetti; Luck, 2006). A summary 

of these peaks is provided immediately below in Table 2, and a discussion of these 

follows. 

Table 2. Summary of ERP Components. 
ERP 

component

Scalp Pattern Linguistic 

Violation

Example 

N400 Centro-parietal negative-going 

deflections approximately 400ms 

after stimulus onset. Sometimes 

right-lateralized, delayed, or 

diminished in L2.

Lexical He spread the

warm bread 

with *socks.
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ERP 

component

Scalp Pattern Linguistic 

Violation

Example 

Early 

anterior 

negativity

Negative-going deflections 

approximately 100-250ms after 

stimulus onset. May be left-

lateralized. Not found in early L2. 

May be more centrally and 

bilaterally distributed in advanced 

L2. 

Syntactic (phrase 

structure, word 

order, closed vs. 

open class words)

The *eats girl 

spaghetti.

LANs Anterior left-lateralized negativities 

peaking approximately 300-500ms 

after stimulus onset. Not found in 

early L2. Often not left-lateralized 

in L2.

Morphosyntactic 

(e.g., agreement)

The politician 

*hope to 

succeed.

P600 Posterior positive-going deflections 

approximately 600ms post-

stimulus. Sometimes found in early 

L2.

Syntactic and 

morphosyntactic

The *eats girl 

spaghetti. 

1.3.1 The N400-effect

For L1, aspects of lexico-semantic information elicit an ERP component

characterized by a negativity (negative-going wave) detected by central electrodes 

approximately 400-700ms after stimulus presentation (Kutas & Hillyard, 1980). The 
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central negativity, or N400, is taken to reflect lexical-semantic integration processes 

(Bentin, Kutas, & Hillyard 1995; Brown & Hagoort, 1993). This effect is modulated by 

whether a lexical item is expected or incongruous (Kutas & Federmeier, 2000). 

Magnetoencephalographic (MEG) research suggests that the N400-effect is generated by 

activation in bilateral temporal lobe substrates, which subserve declarative memory, as 

well as the ventral portion of the left inferior frontal gyrus and left pars triangularus 

(frontal lobe; Maess, Herrrmann, Hahne, Nakamura, & Friederici, 2006). For L2, 

semantic violations tend to elicit N400s even at low proficiency (Hahne, 2001; Hahne & 

Friederici, 1999). However, the L2 N400 is not precisely identical to the L1 N400. 

Relative to L1, L2 peak amplitude may be diminished and peak latency may be delayed

(Ardal et al., 1990; Hahne, 2001), or the N400 effect may be more right-lateralized 

(Hahne & Friederici, 2001). 

1.3.2 Anterior Negativity Effects

1.3.2.1 Early Anterior Negativity

For L1, phrase structure violations and the processing of closed class words 

relative to open class words tend to elicit early anterior negativities 100-250ms post-

stimulus (Friederici, 2002; Hahne & Friederici, 1999, 2001). The early anterior negativity 

is taken to reflect automatic processes involved in first-pass phrase structure parsing 

(Friederici, 2002; Hahne & Friederici, 1999). Because this effect is typically left 

lateralized in L1, it is sometimes referred to as an early left anterior negativity (ELAN; 

Hahne & Friederici, 1999). The ELAN is posited to arise from left superior temporal 

gyrus and the left inferior frontal regions (Friederici & Kotz, 2003). For low proficiency 

L2, this effect has not been found (Hahne & Friederici, 2001; see discussion below). For 
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advanced proficiency L2, early anterior negativities have been found as part of an 

ongoing negativity that moves from anterior to central regions in advanced artificial 

language learners (Friederici, Steinhauer, & Pfeiffer, 2002). Unlike L1, however, in L2 

the early anterior negativity tends to be centrally or bilaterally distributed (Friederici, 

Steinhauer, & Pfeiffer, 2002). 

1.3.2.2 Left Anterior Negativity (LAN)

For L1, certain morphosyntactic violations (e.g., agreement) elicit a left anterior 

negativity (LAN; negative-going wave) detected by anterior electrodes approximately 

300-500ms after stimulus presentation (Kluender & Kutas, 1993). The LAN is taken to 

reflect automatic processes involved in assigning thematic roles to sentence constituents

(subcategorization and inflectional morphology; Friederici, 2002; Hahne & Friederici, 

2001). Neuroanatomically, the LAN has been linked to Broca’s area and the anterior part 

of the superior temporal gyrus—structures that subserve syntax in the frontal lobes 

(Friederici, 2002). For L2, the left anterior negativity, when present, does not appear to 

be left-lateralized (Hahne, Mueller, & Clahsen, 2006). 

1.3.3 The P600-effect

For L1, syntactic and morphosyntactic (and non-grammar) violations elicit a later 

posterior positivity (positive-going wave) detected by central posterior electrodes 

approximately 600ms post-stimulus (P600; Osterhout & Holcomb, 1992). This P600 

component, sometimes called the syntactic positive shift (SFS), is taken to reflect 

controlled processes, particularly the re-analysis of sentences or the integration of lexico-

semantic and morphosyntactic, and syntactic information (Friederici, 2002; Hahne & 

Friederici, 2001). Research on patients indicates that the P600 component may depend on 
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intact basal ganglia, as this effect is absent in patients with basal ganglia damage

(Friederici, Kotz, Werheid, Hein, & von Cramon, 2003; Frisch, Kotz, von Cramon, & 

Friederici, 2003; Kotz, Frisch, von Cramon, & Friederici, 2003; Kotz, Gunter, & 

Wonneberger, 2005). For L2, syntactic and morphosyntactic violations often elicit P600s

(Hahne, Mueller, & Clahsen, 2006; Morgan-Short, 2007) sometimes even at early stages 

of proficiency P600s (Tokowicz & MacWhinney, 2005).

1.3.4 Lack of ERP Components for Grammar Violations in L2

While the literature reviewed above describes cases in L2 where ERP components 

have been found for L2, research suggests ERP components are sometimes absent when 

they were expected (e.g., Hahne & Friederici, 2001; Morgan-Short, 2007). Research 

suggests different factors may influence the L2 cognitive processes that modulate ERP 

components. For example, some research suggests that L2 proficiency level may affect 

the presence or absence of neural components (Hahne, 2001; Mueller, 2005). Hahne & 

Friederici (2001) reported that L1 Japanese speakers learning L2 German failed to 

display anterior negativities or P600s following L2 phrase structure violations related to 

word category. The average proficiency score was 78% on the grammaticality judgment 

task administered during the ERP session, indicating the learners were not highly 

proficient. Indeed, more recent research suggests that ERP components related to 

grammar violations are found in advanced L2 proficiency but not early L2 proficiency 

(Bowden, 2007; Morgan-Short, 2007). In addition, ERP indices may be sensitive to 

instructional methodology. Morgan-Short (2007) reported that learners who received 

explicit instruction in an artificial language failed to display anterior negativities or P600s

for syntactic and morphosyntactic violations, even at advanced proficiency. In this case, 



31

the lack of results was attributed to instructional methodology, as a comparison group 

that learned through implicit instruction did display these components (see chapter 2). 

Finally, often a lack of ERP components in L2 relative to L1 is attributed to the existence 

of neural processes that are not indexed by ERPs (Hahne & Friederici, 2001; Mueller, 

Hahne, Fujii, & Friederici, 2005). In the current study, which complements ERP data 

with measures of cognitive abilities, the impact of individual differences in cognitive on

L2 neural components will be explored. 

1.4 Summary of Chapter 1

Chapter 1 presented an overview of cognitive memory systems and ERP 

methodology that will be important for understanding the remaining chapters that 

motivate the investigation described here. The declarative and procedural memory 

systems were described in terms of their encoding, storage, and retrieval functions, their 

neural substrates, and change over time as a memory becomes consolidated. In addition, 

aspects of the manner in which these two memory systems interact were described. The 

possible role of working memory in both systems was also described. Finally, a means of 

examining the contributions of declarative and procedural memory using ERPs was 

described. 
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CHAPTER 2: THE DECLARATIVE/PROCEDURAL MODEL AND SLA THEORY

Chapter 2 describes the Declarative/Procedural (DP) model along with other 

models of L2 in order to provide a framework for the research design and interpretation 

of results. The first section provides an overview of the DP model, which was originally 

based on theoretical and empirical work in the field of cognitive neuroscience. Because 

researchers throughout the field of SLA, which includes theoretical and applied linguists 

and language testers, comprise the target audience for this doctoral investigation, the 

subsequent sections compare and contrast the claims of the DP model with other models 

of L2 that may be more familiar. This comparison is by no means exhaustive, but should 

help place the DP model in context. Thus, after reviewing the DP model, the subsequent 

sections describe other models that invoke the declarative/ procedural distinction, 

emergentist models, and nativist models. 

2.1 The Declarative/Procedural (DP) Model

The DP model is a dual-system model which, for first language (L1), focuses on 

the distinction between arbitrary (i.e., the mental lexicon) and rule-based language (i.e.,  

complex mental grammar) (Ullman, 2004; Ullman et al., 1997).  For L1, the DP model 

proposes that the mental lexicon depends on the declarative memory system (i.e., facts 

and events), while rule-based grammar depends on the procedural memory system (i.e., 

skills; Ullman et al., 1997; both memory systems are described more thoroughly in 

chapters 3 and 4). For adult L2, however, based on evidence that rule-based grammar is 

vulnerable to the age of exposure (Birdsong, 1999; Hyltenstam & Abrahamsson, 2003; 

Johnson & Newport, 1989; Weber-Fox, 1996; Hahne, 2001), the DP model posits that 

during the initial stages of L2, both lexicon and grammar depend on the declarative 
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system (Ullman, 2005). However, consistent with research in non-linguistic domains, 

practice is expected to promote the development of at least some rule-based grammar that 

is subserved by the procedural memory system (proceduralization). Therefore, the model 

predicts that at advanced levels of L2, procedural memory involvement will be much 

more evident. Of consideration in research on L2 aptitude is that declarative and 

procedural memory abilities vary across individuals, due to multiple factors, such as 

genetics, hormones and other neuromodulators, pharmacological interventions, illness or 

neural injury, and so on (Eichenbaum & Cohen, 2001; Gilbert, 2005; Sirrien et al., 2007; 

Ullman, 2005; Vakalopoulos, 2006). The research undertaken for this dissertation takes a 

first step towards indexing variation in declarative and procedural memory among non-

impaired adult language learners, to investigate whether differences in these systems 

affect the manner in which individuals develop L2 proficiency. A brief overview of L1 

research is provided next, followed by an overview of L2 research.

2.1.1 Background and Empirical Support for the DP Model in L1

The claims of the DP model was first articulated in L1 research in patient 

populations (Ullman et al., 1997). Ullman et al. (1997) posited that impairment to the 

procedural memory system (basal ganglia) as a result of Huntington’s disease and 

Parkinson’s disease would lead to impairment in rule-computed (regular) morphosyntax, 

while impairment of declarative memory (hippocampus) as a result of Alzheimer’s 

disease would lead to an impairment of memorized (irregular) morphosyntax. To test this 

claim, they administered a past-tense production task that indexed the abilities of patients 

and controls to say aloud both regular past tense (e.g., fill, filled) and irregular (e.g., run, 

ran) forms of English words. All findings were as predicted. For patients with 
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Parkinson’s disease, which is characterized by suppression of movement, regular forms 

were more likely to be uninflected, as if concatenation of past tense morphology was also 

suppressed. For patients with Huntington’s disease, where the impairment manifests in 

hyperkinesia, regular forms were more likely to be over-inflected (e.g., catch-ed-ed). 

Finally, for patients with Alzheimer’s disease patients,  performance on memorized 

(irregular) forms was impaired. This double dissociation between regular and irregular 

verbs among patients with procedural and declarative memory impairments, respectively, 

provided initial evidence for the DP model.  

Since this preliminary research, the claims of the DP model for L1 have been 

supported by additional evidence, and the model has been expanded to predict individual 

differences in the proceduralization of grammar in L1. Both neuroimaging and behavioral 

data from participants with and without impairments have supported the claim that 

memorizable components of language are subserved by declarative memory while rule-

based concatenation is subserved by procedural memory (e.g., Alzheimer’s disease: 

Ullman & colleagues, 1997, 2005; Aphasia: Ullman et al., 2005; Huntington’s disease: 

Teichmann & colleagues, 2005, 2006, 2008; Left-handedness: Moffa, Lee, Carpenter, & 

Ullman, 2004; Nonimpaired participants: Newman et al., 2001; Parkinson’s disease: 

Ullman et al., 1997; Specific Language Impairment: Ullman & Pierpoint, 2004; 

Tourette’s Syndrome: Walenski, Mostofsky, & Ullman, 2007; for overview, see Ullman, 

2004). In addition, English L1 research indicates that hormonal variation can influence 

the degree to which individuals rely on procedural memory for rule-based grammar. 

Ullman et al. (2002) reported that females, relative to males, were more likely to 

memorize rule-based past tense forms. This sex difference was posited to result from 
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increased estrogen, which may contribute to better declarative memory. Interestingly, 

women tend to be more successful in learning L2s (R. Ellis, 1994), which are posited to 

rely heavily on the declarative system, at least initially, by the DP model (Ullman, 2001, 

2005). 

2.1.2 The DP Model and L2

For L2, the DP model makes two overall claims that have important implications 

for interpreting and conducting research. The first claim, that procedural memory is 

initially unavailable during learning, suggests that only declarative memory involvement 

is evident in early stages of L2. The second claim, that procedural memory subserves 

only rule-based aspects of grammar, suggests that evidence for procedural memory 

expected at later stages of L2 will be found only in data that isolate rule-based grammar, 

and not for data from structures that may be memorized. L2 research that directly 

examines the claims of DP model is reviewed next.

2.1.2.1 Brovetto (2002) 

Brovetto (2002) tested the DP claim that in initial stages of L2, learners rely on 

declarative memory for both rule-computed and memorized grammar structures. She 

predicted that adult L2 learners of English from L1 Chinese (N=32) and L1 Spanish 

(N=33) backgrounds would memorize morphosyntactic forms presumably rule-computed 

by native speakers. To test her hypothesis, she compared native speaker (NS) and non-

native speaker (NNS) response time on the production of regular and irregular past tense 

English forms. Response time was plotted against word frequency to index frequency 

effects. In this frequency effect approach, response time that is related to word frequency 

is indicative of associative memory processes, whereas response time that is unrelated to 
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word frequency is indicative of rule-concatenation processes. For NNSs, she found 

frequency effects for both regular and irregular past tense forms, which indicated the 

NNSs had memorized both types of structures. In contrast, NS controls only displayed 

frequency effects for irregular forms, as predicted by the DP model. Thus, Brovetto’s 

(2002) research provides evidence for initial differences in L1 and L2 language 

representation consistent with the DP model. However, this research did not investigate 

the role of proficiency on the L2 representation of rule-computed grammar. 

Electrophysiological research has shed light on the DP’s second claim that advanced rule-

computed L2 grammar in adults may be handled by the same cognitive substrates as rule-

computed L1 grammar. 

2.1.2.2 Bowden (2007) 

Bowden (2007) investigated the electrophysiological patterns of adult L1 and 

adult L2 Spanish at low and advanced levels of proficiency. For L2, the DP model 

predicts that grammar violations will elicit different ERP components as a function of 

proficiency level. At low proficiency, N400 components are expected for violations of 

grammar, which is expected to be subserved by the same system that subserves lexico-

semantic aspects of language (e.g., Hahne, Mueller, & Clahsen, 2003). At advanced 

proficiency, violations of rule-computed grammar are expected to elicit an L1-like 

biphasic LAN-P600 pattern ( Friederici, Steinhauer, & Pfeiffer, 2002). To examine these 

claims, Bowden (2007) recruited English L1 learners of L2 Spanish whose first 

significant exposure to Spanish was after 17 years old. The low proficiency group (n=16) 

was composed of learners who had never lived abroad and that were enrolled in their 

second, third, or fourth semesters of instructed Spanish at Georgetown University. The 
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average speaking proficiency level for the low group, according to the American Council 

on the Teaching of Foreign Languages (ACTFL) scale, was Intermediate-Low. The 

advanced proficiency group (n=14) had completed at least six semesters of Spanish 

instruction and the equivalent of one or two semesters of immersion in a Spanish-

speaking country. The average speaking proficiency level for the advanced group, 

according to the ACTFL scale, was Advanced-Mid. Their performance was compared to 

that of L1 Spanish speakers (n=17), who were immersed in English after 17 years old. 

Bowden (2007) found that the two L2 groups differed in their responses to phrase 

structure violations in Spanish. The low proficiency group did not display N400 or 

anterior negativity components; however, the advanced L2 group displayed a biphasic 

anterior negativity between 300-425ms followed by a P600, just as the L1 Spanish 

comparison group did. The L2 advanced learner anterior negativity tended to be 

somewhat more left lateralized than the L1 anterior negativity. Although Bowden (2007) 

investigated phrase structure violations, early anterior negativities were not elicited, as 

might be predicted by findings discussed by Hahne and Friederici (1999). Taken together, 

Bowden’s (2007) findings partially support the DP model’s claims. For the low 

proficiency group, phrase structure violations did not elicit N400 effects. This may be 

because learners relied on other cognitive processes in addition to or rather than lexico-

semantic, declarative processes, or may be because the N400s may be insensitive to 

phrase structure violations, which are more global in nature than the morphosyntactic 

violations that have elicited N400s in previous research (Hahne, Mueller, and Clahsen, 

2003). Advanced L2 proficiency elicited the same general biphasic ERP response for 

syntactic violations observed in native speakers, indicating that with sufficient 
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proficiency/practice, cognitive processes very similar to those for L1 grammar may also 

underlie L2 grammar.

2.1.2.3 Morgan-Short (2007) 

Using a subset of data used in the current investigation, Morgan-Short (2007) 

examined the electrophysiological patterns of adult L2 artificial language learning for 

low and advanced proficiency following two conditions of exposure—explicit and 

implicit instruction. Learners were pseudo-randomly assigned to either explicit (n=16) or 

implicit conditions (n=14). In the explicit condition, learners received instruction on the 

metalinguistic aspects of the language plus meaningful examples, which was followed 36 

practice blocks. In the implicit condition, learners were simply given meaningful 

examples without metalinguistic information. Practice was identical in the two 

conditions. The linguistic targets pertained to agreement structure (morphosyntax), 

phrase structure (syntax), and verb argument structure (lexical aspects of grammar). At 

low proficiency, only the implicit group displayed an N400 effect for morphosyntactic 

and syntactic violations. Once they had developed advanced proficiency, the implicit 

group displayed a biphasic anterior negativity followed by a P600 for morphosyntactic 

and syntactic violations. No ERP components were reported for learners in the explicit 

condition at either low or advanced proficiency. Morgan-Short’s (2007) research partially 

supports the DP model. For learners in the implicit condition, the neural representation of 

low and advanced proficiency in L2 grammar, as indexed by ERPs, followed the 

predicted shift from lexico-semantic, declarative memory involvement initially to 

syntactic, possibly procedural memory involvement  at advanced stages. However, 

findings from the explicit instruction condition did not support DP model claims. 
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Morgan-Short’s (2007) research suggests that instructional variables may affect the 

neural representation of L2.

2.1.2.4 Summary of the DP Model and L2

The three studies reviewed above provide partial support to the claims of the DP 

model. They suggest that at low proficiency, L2 grammar often relies on declarative 

memory (Brovetto, 2000; Morgan-Short, 2007). At advanced proficiency, they suggest 

that L2 grammar often relies on the same system as L1 grammar, posited to be the 

procedural memory system (Bowden, 2007; Morgan-Short, 2007). However, they also 

indicate that perhaps other or additional cognitive systems not indexed by the ERP 

procedures used by Bowden (2007) and Morgan-Short (2007) subserve L2 at low and 

high proficiency, and that this may depend on the type of L2 instruction learners have 

had. This research indicates that the proposed declarative and procedural memory-based 

L2 learning often follows the “default” claims of the DP model, but that mediating 

factors may influence the development of declarative and procedural representations.

2.2 Individual Differences in Declarative and Procedural Memory and L2

Until this point this discussion has focused on L2 predictions of the DP model that 

may be considered the default claims. However, in the cognitive neuroscience literature, 

it is well known that declarative and procedural memory resources may vary across 

individuals. These differences may determine the extent to which the claims of the DP 

model are realized. The premise of the current investigation is to examine whether 

individual differences in declarative and procedural memory predict individual 

differences in the rate of L2 and the proceduralization of L2 grammar. As such, the 
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investigation may uncover additional learner traits that may augment current aptitude 

batteries. 

Cognitive neuroscience research indicates that individual differences in neural 

structure and/or neurochemical transmitters affecting these systems lead to variation in 

cognitive abilities subserved by these systems (Eichenbaum & Cohen, 2001). In 

particular, differences in hippocampal and medial temporal substrates, and/or the 

presence or absence of associated neuromodulators (e.g., estrogen/estrodial, 

acetylcholine), may impact declarative memory, while differences in striatal and frontal

substrates, and/or the presence or absence of associated neuromodulators (e.g., 

dopamine), may impact procedural memory (Eichenbaum, 2001; Packard, 1996; 

McGough & Izquierdo, 2000). For L2, in general terms, neural and neuromodulatory 

variation within the declarative system should influence the rate and extent of all lexical 

learning and at least initial morphosyntactic learning, while neural and neuromodulatory 

variation in the procedural system should influence the rate and extent of L2 grammatical 

attainment with high exposure. 

The ability to predict L2 grammar from declarative and procedural memory 

strengths may not be straightforward. Evidence suggests weaknesses in one system may 

be offset by enhanced involvement of the other (Eichenbaum & Cohen, 2001), so that 

some individuals may rely on one system over the other for L2. Thus individuals with 

weak procedural abilities may rely on declarative memory abilities and memorize 

grammar throughout all stages of learning while individuals with weak declarative 

abilities may rely on procedural memory abilities and rule-compute grammar at an earlier 

stage of acquisition. However, the exact pattern of reliance and compensation is not 
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known. Furthermore, the type of instruction—explicit or implicit—may differentially 

engage these two memory systems (see chapter 1). It is predicted that the strength of each

system, as well as the balance between systems, will lead to individual differences in L2. 

2.3 Working Memory and the DP Model

Recent research on L2 aptitude has suggested that working memory abilities 

affect the rate and extent of SLA. Research suggests that individuals with “more” versus 

“less” working memory capacity may exhibit differential strengths in lexical and 

grammatical learning.. 

2.3.1 “More” Working Memory

Larger working memory capacity has been associated with improved vocabulary 

acquisition in young L1 learners (Baddeley et al, 1999; Gathercole et al., 1991) and

success in early stages of SLA (Atkins & Baddeley, 1998; Ellis & Schmidt, 1997; 

Papagno, Valentine, & Baddeley, 1991; Service, 1992; Service & Kohonen, 1995; 

Williams, 1999; Williams & Lovatt, 2005). In addition, evidence suggests that 

pharmacological enhancement of working memory through L-dopa or D-amphetamine 

improves vocabulary learning in adults compared to placebo matched controls 

(Breitenstein et al., 2004; Knecht et al., 2004). The relationship between larger working 

memory capacity and grammar is less straightforward, but there is support for a 

relationship with the acquisition of simple grammatical rules, such as determiner-noun 

agreement (Williams & Lovatt, 2005), memory for internal agreement in nonsense word 

strings (N. C. Ellis, Lee & Reber, 1999, cited in N. C. Ellis, 2005), and phrase structure 

after a delay (Mackey et al., 2002). There is also support for a relationship to general 

grammar learning at very low proficiency (Williams, 1999). 
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Interestingly, the correlation between larger working memory capacity may 

attenuate as learners become more proficient. Williams & Lovatt (2005) showed that 

working memory (measured by a serial recall task) correlated with the ability to 

generalize determiner-agreement rules to novel forms in the first two cycles of learning, 

but no longer correlated with generalization abilities by the third cycle. In addition, the 

effects of greater working memory are not universal. Robinson (2002b, 2005b) found 

correlations between working memory capacity and acquisition of some grammar 

structures and not others in a listening grammaticality judgment task. Thus, the evidence 

points to a role for greater working memory capacity in lexical learning and grammar 

learning to low-to-intermediate proficiency levels—all forms that may potentially be 

explicitly memorized. These findings are consistent with the predictions of the DP model.

2.3.2 “Less” Working Memory

Smaller working memory capacity may assist in the acquisition of rule-based 

representations according to computational models (Elman, 1993) and memory load 

research (Cochran & McDonald, 1992; Cochran, McDonald, & Parault, 1999; Foerde, 

Knowlton, & Poldrack, 2006). For example, in two studies of American Sign Language 

learning in hearing adults, working memory capacity was experimentally reduced 

through presentation of tone stimuli (i.e., dual task paradigm). The first study found that 

grammar learning with distraction was slower, but ultimately more accurate, than 

learning under normal conditions (Cochran & McDonald, 1992). The second study 

indicated that rule-learning (verb subject-object agreement) in the tone presentation 

condition transferred to new contexts more readily than rules learned under normal 

conditions, suggesting learners had better acquired abstract rules when working memory 
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capacity was restricted (Cochran, McDonald, & Parault, 1999). In addition, recent 

research indicates that reduction in working memory capacity induced by a distraction 

task may promote procedural learning in the WPT, while simultaneously mitigating 

declarative learning (Foerde et al., 2006). This is supported by prior behavioral evidence 

that indicates that reducing working memory capacity through distraction or suppression 

of executive processes promotes implicit learning while reducing explicit learning (e.g., 

Hayes & Broadbent, 1988; Cohen, Ivry, & Keele, 1990). 

Additional behavioral evidence suggests that learners with lower working 

memory capacity may be associated with better proficiency gains. Ando et al. (1992) 

report that child learners with lower working memory capacity learned rules better under 

implicit (communicative) conditions, while learners with higher working memory 

capacity learn more effectively under explicit (grammatical instruction) conditions.

Mackey et al. (2002) reported that learners with lower working memory capacity scored 

higher on a measure of phrase structure development in an immediate posttest compared 

to learners with higher working memory capacity. Thus, there is some support for the 

Together with the other evidence presented above, working memory capacity 

research supports the predictions of the DP model. On the one hand it suggests that lower 

working memory capacity is associated with a slower rate of learning, more accurate 

extraction of complex rule-based regularities from input, and lack of conscious awareness 

of rules—characteristics that are associated with procedural-based learning. On the other 

hand, high working memory capacity is associated with more rapid acquisition, less-

accurate rule extraction from input, and conscious awareness of rules—characteristics 

associated with declarative-based learning. Nevertheless, these conclusions are tentative, 
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because the nature of the underlying system that benefits from working memory capacity 

remains an important question for further research.

2.3.3 Word Retrieval 

The rate of word retrieval may crucially impact learning or access to L2 grammar 

in the procedural system (cf. Ullman & Pierpont, 2004). Word retrieval may be impaired 

in individuals with basal ganglia deficits (Ullman & Pierpont, 2004). Retrieval abilities in 

an L2 may differ substantially as a result of vocabulary knowledge and proficiency level 

(Baddeley, 2003; Kroll, Michael, Tokowicz, & Dufour, 2002; McGregor, et al., 2002). 

Thus, slow access to the L2 lexicon may impede the development of proceduralized 

representations of L2 grammar. 

2.4 Other Models of L2

The DP Model is in many ways a newcomer to the field of SLA. More-

established theories posit competing explanations that rely on the declarative/procedural 

distinction (DeKeyser, 2007; Paradis, 2004), emergentist explanations (Ellis, 2001, 2005, 

2007, 2008; MacWhinney, 2002, 2005, 2007), nativist explanations (Epstein, Flynn & 

Martohardjono, 1996, 1998; Eubank, 1993/1994; Hawkins, 2001;  J. Schacter, 1989, 

1996; Schwartz & Sprouse, 1994, 1996, 2000; Vainikka & Young-Scholten, 1994, 1996, 

1998; White, 2003), and no access explanations (Bley-Vroman, 1989; Robinson, 1997a, 

2002b). A range of L2 theoretical models will be described and compared to the DP 

model.

2.4.1 Other Models Based on Declarative and Procedural Memory

The claims of the DP model differ in important ways from the claims of other 

declarative/procedural memory-based models of L2. Two models, those proposed by 
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Paradis (1994, 1997, 2004) and DeKeyser (2007), are described here. Their different 

claims have different implications for individual differences. 

2.4.1.1 Paradis (1994, 1997, 2004)

Paradis’ (1994, 1997, 2004) model, like the DP model, claims that L2 depends 

more on declarative memory than L1. For L1, he proposes that procedural memory 

subserves  rule-governed language and incidental acquisition and automaticity in 

language. Like the DP model, procedural memory is posited to subserve morphosyntactic 

and syntactic rules, but unlike the DP model, Paradis posits that procedural memory also 

subserves lexical rules (e.g., the implicit knowledge that large and big are comparable in 

reference to a box, but very different in reference to one’s sister) and all other implicit 

aspects of form and meaning. For Paradis, the procedural system underlies both 

incidental acquisition and automaticity in all aspects of language. Preliterate child 

language is posited to be procedural-based. In contrast, the declarative memory subserves 

semantic and metalinguistic knowledge. In Paradis’ view, all implicit knowledge is 

subserved by procedural memory, and all explicit knowledge is subserved by declarative 

memory (Paradis, 2004). This perspective differs from hypotheses which differentiate 

multiple memory systems subserved by distinct neural correlates (e.g., Squire & 

Knowlton, 2000; Ullman, 2004). According to other hypotheses, the procedural memory 

system subserves only a subset of implicit knowledge underlying skills and habits (see 

overview in section 1.2.2 above). In short, Paradis’ claims can be generally summarized 

as a hypothesis that there are two types of language, explicit and implicit, and that these 

are subserved by declarative and procedural memory, respectively. 
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For L2, Paradis suggests that older learners are dependent on primarily declarative 

processes and have attenuated access to procedural processes. Declarative learning and 

access to declarative knowledge, he observes, may depend on attentional processes 

(Paradis, 2004). At advanced L2, fluency will depend on declarative speed up processes 

(conscious) and to only a limited degree, procedural automaticity (nonconscious). For 

aptitude, based on Paradis’ claims,  low and advanced proficiency would be predicted to 

depend on declarative/explicit knowledge. Thus, learners with stronger declarative 

memory capacity and attentional capacity may be predicted to excel at L2. 

2.4.1.2 DeKeyser (2007)

DeKeyser’s (2007) Skill Acquisition Theory describes a three-step route to 

advanced L2 proficiency. Closely following Anderson’s ACT-R (Anderson et al., 2004) 

model, initially, L2 proficiency depends on the development of declarative knowledge

(cf. Anderson et al.’s declarative stage). With practice, declarative knowledge becomes

proceduralized (cf. Anderson et al.’s procedural stage). Then, with extended practice, this 

procedural knowledge becomes automatized (cf. Anderson et al.’s automatic stage). The 

transition from declarative to procedural to automaticized knowledge is expected to 

follow a curve described by the power law of learning, which is characterized by a steep 

decline in reaction time followed by a gradual and slow decrease as the learner 

approached asymptote. The initial steep decline is linked to proceduralization, while the 

longer tail of the curve is linked to automatization. In addition to decreased reaction time, 

automaticity is characterized by decreased attention during skill execution. Skill 

acquisition theory differs from the DP model on at least two main points. First, it does not 

predict that different memory systems will underlie different subcomponents of language. 
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Thus, in skill acquisition theory, L2 lexical, syntactic, and morphosyntactic development 

would all follow the same route. Second, it does not connect performance typical of the 

three stages of development to underlying neural processes or specific brain systems. The 

lack of connection to cognitive/neural processes prevents articulating a clear account of 

the nature of L2 aptitude beyond the first stage of learning. Specifically, the claims that 

declarative knowledge becomes procedural knowledge, and that procedural knowledge 

becomes automatized, may be described by several different underlying cognitive 

processes involving quite different neural systems. For example, because the term 

“proceduralization” has several meanings (see Table 1), it is unclear what neural patterns 

underlie this process in skill acquisition theory.  Decreased reaction time associated with 

proceduralization in this model may result either from speed up processes related to 

declarative memory, as described by Paradis (2004) and Skehan (2002), or 

proceduralization processes, in the sense that information is handled by the procedural 

memory system. Thus, using skill acquisition theory as a staring point, a variety of 

abilities might be predicted to contribute to L2 aptitude. 

2.4.2 Emergentist Models

Emergentist models of L2 posit that domain-general associative processes 

sensitive to distributional frequencies in the input process language (Bates & 

MacWhinney, 1981; Ellis, 2005; MacWhinney, 2008). The language system emerges in 

response to input from the environment, and is neither modular nor innate as 

hypothesized by nativist researchers (see below for nativism; Bates & MacWhinney, 

1981; MacWhinney, 2002; Rumelhart & McClelland, 1986; Seidenberg, 1997). Lexicon 

and grammar are bound by semantic properties within a cognitive system with broad 
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anatomical distribution. Thus, there is no fundamental distinction made between lexicon 

and between arbitrary and rule-based grammar (e.g., Langacker, 2008, p. 67). As such, 

the emergentist view does not propose double dissociations like those predicted by the

DP model. Two emergentist views, that of MacWhinney (2005, 2008) and N. Ellis 

(2005, 2008) are described next. 

2.4.2.1 MacWhinney (2005, 2008)

MacWhinney (2005, 2008) proposes the Unified Model of language acquisition 

based on the Competition Model. By this account, language comprehension is based on 

the detection of a series of cues, whose strength is determined by their reliability and 

availability (MacWhinney, 2001). Challenges faced by adult L2 learners are not directly 

related to the basic processes of learning, which do not change. Instead, other factors are 

implicated (MacWhinney, 2002, 2005, 2008). First, it is assumed that anything that can 

transfer from the L1 to the L2 will do so (but paradoxically only in some domains; see 

below).  When L1 transfer is not target-like and not corrected, entrenchment may occur, 

and the erroneous form will become reinforced through over-learning (e.g., foreign 

accents [pronunciation]). Second, for some domains that are specific to a language, there 

is a lack of transfer (e.g., morphosyntax). This is problematic because learners must form 

new chunks, which will have weaker cue strength relative to L1. Third, adult learners 

may have limited opportunities to make connections that exploit resonant processes (viz., 

processes related to repeated coactivation of reciprocal units). Fourth, adult learners may 

have more restricted interaction with the L2 population, and, moreover, may have 

ongoing interaction with their L1s. Fifth, declining cognitive abilities, including 

diminishing plasticity and already-committed cognitive resources, may additionally 



49

hinder L2. Thus, a critical period is not evoked to explain age-related decline 

(MacWhinney, in press). Instead, adult-child differences are related to prior knowledge, 

social interaction, and gradual cognitive decline. To compensate for the challenges of L2, 

adults are predicted to rely on functional neural circuits such as working memory, to 

reduce effects of negative transfer (MacWhinney, 2002, 2005). MacWhinney’s model 

does not predict a shift of reliance from declarative to procedural memory for low versus 

high L2 exposure. Nor does it invoke specific neural systems, but rather emphasizes 

computational models that mimic aspects of neural structure. For L2 aptitude, 

MacWhinney’s model suggests that the extent of L1 entrenchment and transfer will 

influence the rate and extent of L2. These processes are posited to be mediated by general 

cognitive abilities (MacWhinney, 2005, in press). Altogether, strengths in abilities such 

as intelligence, working memory, and L2 aptitude should predict individual differences in 

attainment. Declarative/procedural memory differences are not predicted. 

2.4.2.2 N. Ellis (2003, 2005, 2008)

N. Ellis (2003, 2005, 2008) posits an L2 model based on a distinction between 

explicit and implicit learning mechanisms. He proposes that initial learning depends on 

explicit processes, while more advanced learning depends on implicit processes. He 

suggests that rapid learning is subserved by explicit memory, which initially depends on 

the hippocampus, and which underlies conscious knowledge. Explicit mechanisms, which 

interact with attentional focus, guide learners in a manner that bolsters implicit cue 

strengthening and tallying processes. With practice, explicit knowledge is tuned and 

integrated through implicit processes, which form the basis of nonconsious knowledge. 

Implicit knowledge is required for proceduralization, a type of automatic processing, 
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somewhat similar to that defined by DeKeyser (2007). In N. Ellis’ model implicit 

mechanisms encompass an array of implicit processes: priming, conditioning, binding 

representations, suppression of information, and tallying frequencies in the input. In 

terms of neural correlates, N. Ellis only mentions certain neocortical regions (visual, 

auditory, and tactual cortex; N. Ellis, 2005), although research on multiple memory 

systems suggests these different processes are subserved by distinct neural correlates, 

some of which are subcortical (Squire & Knowlton, 2000). So, while Ellis’ model 

describes a number of implicit processes, involvement of the procedural memory system 

is not specifically predicted. For L2 aptitude, Ellis proposes that working memory is 

particularly important as a gatekeeper for input. Higher working memory capacity is 

predicted to lead to better L2 by engaging explicit, hippocampal-mediated processes 

(Ellis, 2005). 

2.4.3 UG Access1 Theories

The traditional dual system models of L2, based on Universal Grammar (UG) 

theory (Chomsky, 1965, 1981, 1995), posits that grammatical and lexical processing are 

controlled by distinct (modular) mechanisms in the brain which are domain-specific for 

language and innately specified (Chomsky, 1965; Pinker, 1994). The theory of UG 

proposes that an innate, domain-specific computational system constrains the shape of 

grammar. This is achieved through universal principles that delimit the nature of 

grammar, and parameters that uniquely constrain grammars in different languages 

(Chomsky, 1995). Unlike emergentist models, which propose that grammars emerge 

                                                
1 See Gregg (2001) for a discussion of the imprecision of the phrase access to UG and 
other analogous wording. Nevertheless, access will be used because it is the jargon most 
often used by researchers/writers in the generative paradigm (e.g., Gregg, 2001; Hawkins, 
2001; Schwartz & Sprouse, 1994). 
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from input, UG theories propose that grammars are pre-programmed, with parameters 

being specified through input. L2 theories based on UG (Chomsky, 1986, 1992, 19952) 

offer various explanations about the role of an innate system of constraints in L2 given 

that adult L2 learning, as opposed to child L1 learning, is marked by variable success 

(Bley-Vroman, 1989).

UG theories may be divided along the lines of their proposals of access to the UG 

system. The notion of access is ambiguous, meaning that UG operates independently on 

the L2 or as an instantiation of the L1 in the L2 (White, 2003). Either way, access to UG 

provides the learner with innate constraints on hierarchical relationships inherent in 

phrases. As in L1 acquisition, access to UG would enable the ability to acquire an L2 

grammar despite inadequate input (viz. underdetermined, ungrammatical input with no 

negative evidence; Hawkins, 2001; White, 2003). Without UG, cognitive systems not 

specifically tailored to the computational demands of language would be needed. When 

UG theories are applied to L2 they aim to explain the extent to which the learner 

grammar reflects the constraints of UG (White, 2003). 

L2 UG access theories differ from L1 theories in that they are not purely theories 

of UG access, but also theories of L1 transfer.  L1 transfer is a derived form of UG, 

comprising principles and, in some hypotheses, ‘set’ parameters. The details of UG-based 

theories diverge not only on the extent to which learners access UG, but also on that to 

which L1 transfer operates in L2. Three main theoretical branches offer accounts for UG 

                                                
2 As UG theories change, there are consequences for UG access theories (Schwartz & 
Sprouse, 2000). For example, Universal Grammar no longer serves as a catchall term for 
both the computational system and the language acquisition device. Now acquisition is 
handled by the language faculty, a team of five modules: lexicon, syntax, phonology, 
morphology, and interpretation (logical form; Hawkins, 2001, p. 328-329). 
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access in adult L2: full access, partial access, and no access. These models are described 

next.

2.4.4 UG – Full and Partial Access

2.4.4.1 Full Access

Full access models stipulate that adult L2 learners access UG at the initial state. 

Crucially, full access models do not predict full convergence on the target L2 (White, 

2003). Instead, they posit absence of the development of rogue (non-UG) grammars 

(Epstein, Flynn & Martohardjono, 1996, 1998; Schwartz & Sprouse, 1994, 1996, 2000). 

L2 input is viewed as impoverished, yet it is asserted that L2 learner developmental and 

end state grammars reflect creativity consistent with UG mechanisms. Full access has 

been characterized by two different hypotheses: Strong Continuity (Epstein, et al, 1996, 

1998) and Full Transfer/Full Access (Schwartz & Sprouse, 1994, 1996). The strong 

continuity hypothesis (Epstein et al., 1996, 1998) posits that the initial state and learning 

mechanisms underlying L2 are UG, just as with child L1 learners. Differences in 

attainment are related to processing variables. The full transfer/full access hypothesis 

(Schwartz & Sprouse, 1994, 1996), as well as the related Absolute L1 Influence 

(Schwartz, 1998) and Strong UG (Schwartz & Sprouse, 2000) hypotheses, propose that 

L2 learners initially access UG through the L1 grammar, and that shortcomings in 

acquiring the target language are attributed to the different initial states of adult L2 

learners versus those of child L1 learners (Schwartz & Sprouse, 1996, p. 42). Both 

theories predict the use of dual system processes early in language learning.
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2.4.4.2 Partial Access

Partial access models suggest that learners access UG lexical, but not functional, 

categories at the initial state (Gregg, 2001, p. 163). Access to UG at the initial state is 

gained through L1 transfer. Over time, direct access to UG occurs in response to target 

language input. To account for variability in adult attainment, partial access models rely 

heavily on explanations based on traits of the grammar system. As such, they are more 

vulnerable to changes in X-bar theory (Schwartz and Sprouse, 2000, p. 158), and when 

phenomena do not coincide with theory, often propose new theories to rescue data (see 

Eubank, 1993/1994; Hawkins, 2001; Vainikka & Young-Scholten, 1994, 1996, 1998). 

Most theories of partial access propose that access to UG occurs through a combination 

of incomplete transfer of L1 structure followed by the development of L2 specific 

structure (parameters) through direct access to UG (Eubank, 1993/1994, 1996; Hawkins, 

2001; Vainikka & Young-Scholten, 1994, 1996, 1998). J. Schacter (1989, 1996), in 

contrast, proposes that learners access UG via transfer of L1 principles and parameters, 

but that learners do not develop L2 grammar anew in UG. Despite differences, like full 

access models, partial access models predict dual system involvement early in L2.

2.4.4.3 UG Access and Aptitude

In terms of L2 aptitude, for both full and partial access views, few individual 

differences may be expected in the learning and use of the mental grammar handled by 

nativist mechanisms (ceteris paribus, e.g., L1, amount of L2 exposure; see discussion in 

Robinson, 1995; 2002b), unless it is the case that a learner has set a nontargetlike 

parameter (White, 2007). To account for individual differences in L2, UG access models 

implicate (at least) two influences. First, individual differences in general learning 
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systems external to the mental grammar may affect learning, and second, learning 

conditions may alter the rate and extent of language subserved by these general learning 

processes (Krashen, 1981). 

2.4.5 UG – No Access

2.4.5.1 Bley-Vroman (1989)

The fundamental difference hypothesis (Bley-Vroman, 1989) is primarily

associated with the no access position, which posits that dysfunction of the UG system 

and lack of access to a learning procedure used by children causes adults to rely on L1 

“knowledge” and general problem solving skills to learn an L2 (pp. 42, 54). Evidence for 

a lack of access to UG is based on many variables: the different degrees of success (or 

lack thereof) attained by learners, susceptibility of the system to affective states such as 

motivation or learning strategies, differences in order of acquisition of grammatical 

patterns (but see Hawkins, 2001), and the effectiveness of instruction and negative 

evidence for L2 but not L1 acquisition (pp. 41, 43-49). 

Bley-Vroman’s (1989) hypothesis assumes that all adults have successful L1 

attainment (pp. 43, 45), and that for better or worse, to learn the L2, they apply 

metalinguistic (non-UG) knowledge of the L1 as a surrogate for UG (pp. 51-53). L1 

knowledge provides learners with expectations for grammatical forms (word order) or 

lexical items (words for concepts like moon or mother). Optionality is attributed to 

individual differences in general problem solving abilities. Bley-Vroman (1989) posits 

likely components of the learning system(s) are related to Piaget’s Formal Operations: 

goal orientation, sensitivity to feedback and instruction, distributional analysis, analogy, 

and hypothesis formation and testing. Based on evidence from adult indeterminacy in 
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grammaticality judgments, he suggests that a probabilistic and non-monotonic learning 

mechanism is at work. Finally, he acknowledges a shift from controlled to automatic 

processing takes place (pp. 53-54), presumably under the auspices of general learning 

mechanisms. 

2.4.5.2 Robinson (1996b, 1997a, 2002b)

The fundamental similarity hypothesis (Robinson, 1996b, 1997a, 2002b) outlines 

another no access position. Robinson (1996b, 1997a, 2002a) proposes that all adult 

learning is fundamentally similar under all conditions of exposure. Thus, for L2, 

grammar learning does not rely on an unconscious/implicit mechanism, such as UG, 

because learning by such systems putatively shows little variation across individuals (A. 

Reber, Walkenfield, & Hernstadt, 1991; Robinson, 2002b, 2005b). However, evidence 

from research on individual differences (aptitude and working memory) indicates that the 

incidental learning of grammar, a form of implicit learning, correlates with individual 

differences, indicating such learning taps into a general learning system (Robinson, 2003, 

2005b). The mechanism by which dual system reliance is obviated is a combination of 

cognitive maturity, critical period effects, and already existing knowledge, which 

conspire to prevent access to ontogenetically earlier-evolved implicit L1 acquisition 

mechanisms (Robinson, 2002b). This particular no access model predicts that 

performance on implicit/incidental learning tasks (with conceptual-semantic components) 

is initially related to data-driven processes, but that over time, becomes knowledge–

driven. Ultimately, differences in level and rate of attainment among adult learners are 

posited to result from the interplay between learning conditions and individual 

differences in cognitive abilities. He concludes that adults use the same learning 
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mechanisms to acquire language as other material, and there is no dual-system distinction 

in the traditional sense. Through combining aptitude-treatment-interaction research from 

the field of psychology (e.g., Snow, 1991) with L2 research, Robinson (2002a) suggests 

in his Aptitude Complex/Ability Differentiation Framework that a range of cognitive 

abilities are important for L2 in different contexts. He posits that traditional aptitude 

abilities (Carroll, 1958, 1962) and abilities related to the demands of language learning 

tasks (e.g., working memory, processing speed, associative memory, pattern recognition, 

inferring meaning, and analogistic reasoning) as predictors of the rate and extent of 

learning. In addition, strengths in these cognitive abilities differentially forecast success 

in different learning environments (e.g., implicit, uninstructed versus explicit, instructed). 

In more recent work, Robinson (2008) has fine-tuned and expanded his proposal, and the 

Multiple Aptitudes for L2 Learning model proposes that the dynamic nature of language 

use as a function of individual tasks, individual instructional techniques, overall 

instructional methodology, and overall, at different levels of proficiency requires an even 

wider range of cognitive abilities (see chapter 1 for more details). 

2.4.6 Summary of L2 Models

Different models of L2 propose differing explanations for individual differences 

in ultimate attainment in L2, and these predictions are an important consideration in 

research on the cognitive underpinnings of L2 aptitude. Other models which invoke 

memory systems do not make the same distinctions as the DP model. Emergentist models 

propose a domain general system for the acquisition of both words and rules. Full and 

partial access models propose a domain specific system for grammar. No access models 

place particular importance on the involvement of general learning mechanisms in L2. 
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Despite differences, L2 theory forms a starting point for updating understanding 

individual differences as they relate to L2 aptitude. 

2.5 Summary of Chapter 2

This chapter provided an overview of the declarative/procedural (DP) model of 

language (Ullman, 2004; Ullman et al., 1997) and compared and contrasted it to better-

known models of L2. The DP model of L2 posits that adult learners initially rely on the 

declarative system’s associative processes for learning an L2, but that over time, with 

practice, aspects of grammar will be handled by the procedural system, which specializes 

in sequencing and pattern learning. Support for the claims of the DP model, has been 

found in behavioral and neuroimaging studies in both impaired and nonimpaired 

populations. The DP model shares aspects of predictions of other memory-systems-based 

models, emergentist models, UG-based dual system models, and no access models, 

positing a central role for declarative (associative) memory in L2, while also proposing 

the involvement of a separate system, procedural memory, for grammatical computation. 

The predictions of the DP model contrast with those of other models, however, leading to 

unique predictions about the nature of language development from initial to advanced 

stages of proficiency. In the proposed investigation of L2 aptitude based on the DP 

model, differences in declarative and procedural memory are posited to give rise to 

individual differences in L2.
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CHAPTER 3: L2 APTITUDE

3.1 Carroll (1958, 1962)

Carroll’s (1958, 1962) original aptitude research has profoundly shaped modern 

L2 aptitude research. Therefore, the chapter on L2 aptitude begins with intense scrutiny 

of Carroll’s  (1958, 1962) groundbreaking work. In the literature review that follows, a 

re-analysis of Carroll’s (1958, 1962) data is first provided, to thoroughly understand the 

limits to claims that can be made about L2 aptitude based on the Modern Language 

Aptitude Test (MLAT) and its subtests. Second, a descriptive partial meta-analysis of 

aptitude research correlating MLAT subtests to L2 proficiency gains will be provided in 

order to better understand how to interpret MLAT test scores, and importantly, the 

constructs they putatively index, for theoretical purposes. Following this thorough 

examination of the MLAT, a summary of L2 aptitude research relevant to the current 

proposal will be provided. 

3.1.1 Carroll (1962): The MLAT

In both research and educational practice, L2 aptitude has been strongly linked the 

MLAT (Carroll & Sapon, 1959). Unfortunately, as noted above, this influential test more 

or less predates the Chomskyan revolution (ca. 1956), as well as subsequent linguistic 

and neurocognitive research both for and against innate contributions to grammar 

learning. The result is that L2 aptitude, as measured by the MLAT, is not strongly 

connected to linguistic theory (Miyake & Friedman, 1998; Neufeld, 1969; Skehan, 1998). 

Several different tests of L2 aptitude have been developed since the late 1950s, and 

although psychometrically sound and useful in different instructional settings, they 

neither compensate for the lack of SLA theory nor achieve improved predictive validity 
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over the MLAT (e.g., Defense Language Aptitude Battery (DLAB, Petersen & Al_Haik, 

1976); Language Aptitude Battery-Japanese (LABJ, Sasaki, 1996); Pimsleur Language 

Aptitude Battery (PLAB, Pimsleur, 1966); and VORD (Parry & Child, 1990; Sawyer & 

Ranta, 2001; Skehan, 1998). Despite this lack of articulation between SLA theory and 

aptitude testing, the predictive validity of the MLAT has been robust, creating an

engaging mystery for SLA researchers. Carroll’s (1958, 1962) original effort, described 

next, has paid off in theoretical longevity that has only recently been challenged 

(Robinson, 2002a, 2007, 2008; Skehan, 2002).

3.1.1.1 Identification of the MLAT Battery

To develop the MLAT battery, Carroll’s first step was to administer 28 tests to 

two Air Force groups learning Mandarin Chinese in intensive one-week training trial 

courses (Carroll, 1958, 1962). The first group completed 22 prognostic measures, and 

based on correlations with outcome measures, 14 tests were omitted and 6 new tests were 

added so that the second group completed 16 prognostic tests. Following analysis of all 

data, the subset of tests with the highest correlations and regression values were selected 

to create a working version of the aptitude test. Excluded were predictive tests involving 

grammar translation and learning an artificial language, due to test administration 

considerations. Five assessments comprised the final test: MLAT 1, Number Learning; 

MLAT2, Phonetic Coding Ability; MLAT3, Spelling Clues; MLAT4, Words in 

Sentences; and MLAT5, Paired Associates (Table 3; subtests will be detailed below). 
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Table 3. MLAT Subtests.
Subtest Name Description

MLAT 1 Number Learning Learn a set of numbers from auditory input and then 

identify different sets of numbers based on aural 

presentation

MLAT 2 Phonetic Script Learn sound-symbol correspondences using phonetic 

coding symbols 

MLAT 3 Spelling Cues Read words that are spelled as they are pronounced 

(katiklsm), then find a semantically associated word in 

a list (disaster)

MLAT 4 Words in 

Sentences

Identify a word in a sentence or series of sentences that 

functions the same way as an example word

MLAT 5 Paired Associates Learn words from an artificial language and memorize 

their English meanings

3.1.1.2 Predictive Validity of the MLAT 

Carroll (1962) reports data from several validation studies. Those datasets that 

provided the MLAT total score (all five subtests) were reviewed here (n=19). Cutoff 

scores for low, moderate, and high correlations were defined a priori by the researcher. 

Low correlations. Low and low-moderate correlations, defined a priori as correlations 

with r < 0.40, were found in five datasets for learners of L2 French, Russian, Spanish, 

and different Indo-European languages (r=0.23 to 0.35). The samples had in common a 

relatively long duration of moderately intense training. Moderate and High-Moderate 

Correlations. The majority of correlations in Carroll (1962) were moderate or high-
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moderate, defined a priori as correlations with r=0.40 to 0.69 (n=12, r=0.40 to 0.64). 

Aptitude for several different languages was tested. Duration of training varied, taking 

place within a wide range from one week to 12 months’ training. Many learning settings 

followed intense training routines, although lengthy training of moderate intensity was 

also represented. High Correlations. Finally, two data sets yielded high correlations,

defined a priori as a correlation with r > 0.69 (r=0.70 to 0.78). Achievement was 

measured after one week in one data set, and after 6 and 8 months in the other. Both 

courses used intensive training contexts. Carroll’s (1962) data suggest that the MLAT 

total score was less predictive in moderately intense, long-term learning contexts such as 

those encountered in military academies. In contrast, under intensive learning conditions 

of varying durations in government and military training courses, the MLAT often 

obtained moderate or high-moderate correlations with achievement. It is often claimed 

that the MLAT achieves correlations of r=0.40 to 0.60 in the aptitude literature (e.g., 

Carroll, 1981, p. 93; Sawyer and Ranta, 2001; Skehan, 1998), and this re-analysis 

indicates this is generally true, with the actual range between 0.23 to 0.74, but the 

majority of correlations between 0.40 and 0.64. Moreover, this re-analysis of Carroll 

(1962) also indicates that almost three-fourths of the datasets yielded correlations of 

r=0.40 or higher, predominantly in intensive classroom learning contexts, suggesting a 

very satisfactory level of predictive validity for the MLAT in certain contexts. However, 

correlations between the MLAT and outcomes in moderately intense course of longer 

duration may tend to be lower than this oft-cited middle range.
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3.1.1.3 Limitations of MLAT Validity 

There are many limits to the validity of the MLAT. Above, learning context was 

discussed, and below, construct validity will be discussed; here, inherent limitations 

based on the design of the validity study will be discussed. A validation study assesses 

the extent to which a test measures the traits it purports to measure. Carroll’s (1962) 

validation study has several limitations by modern standards, owing to the fact that there 

were few controls for potential intervening variables such as gender, prior L2 knowledge, 

age, and random selection of participants. The testing population of over 3,800 

participants was composed of students at service academies and military and government 

intensive language training institutes. Gender was rarely specified in Carroll’s (1962) 

report, but when provided, favored males (543:6). Given that data collection occurred in 

U.S. military settings during the 1950s, it was likely that the majority of participants were 

male. Thus, the possibility exists that aptitude theory based on the MLAT may not be 

wholly generalizable to females. In addition to gender, moderating variables that affected 

language learning such as prior knowledge of an L2 or specifically, the target L2, were 

not controlled. Age was largely unreported, except for one data set where it was noted 

that participants were older, averaging 34.23 years (SD=4.99), so it may be inferred that 

otherwise participants were generally younger. Participants were drawn from intact 

classes from the targeted population, and there was no random assignment or 

counterbalancing reported. 

There were additional limitations inherent in training and dependent variables. In 

terms of training, the narrow range of time investigated did not allow learners to reach 

advanced stages of learning. Therefore, the MLAT’s predictive capacity may be limited 
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to short term gains, and may not be predictive of development of higher levels of 

proficiency. This gap in knowledge is problematic because different SLA theories make 

different predictions about the manner in which high proficiency and end state 

proficiency in an L2 are achieved. In terms of dependent variables, L2 achievement was 

evaluated through a variety of means such as teacher ratings (with unpublished criteria, 

and no indication of whether training was provided to use the rubrics) and different types 

of tests. Thus, there were a wide range of constructs examined under the umbrella term of 

“achievement.”  Thus, although the MLAT predicted achievement, it is not entirely clear 

what that meant. The main conclusion drawn from highlighting these uncontrolled or 

underreported variables is that the original picture of aptitude was both broad and hazy, 

and lacked information relevant to current research on individual differences in SLA. In 

the next section, the cognitive abilities identified through Carroll’s (1958, 1962) testing 

process will be described.

3.1.2 Carroll (1958): The Aptitude Factors

Using exploratory factor analysis, Carroll (1958) proposed a set of cognitive 

abilities, or factors, that contribute to L2 aptitude. He used data from two groups of 

Mandarin Chinese learners, Group I (N=80 males) and Group II (N=88 males), who were 

enrolled in an intensive 3-5 day course focusing on speaking skills. A battery of tests, 

including the MLAT subtests, were administered and compared to a single outcome 

measure, instructors’ final ratings of the participants’ achievement. Neither the criteria 

for instructors’ ratings nor the training the received to apply the criteria, if any, were 

discussed. The tests loaded onto seven factors (Table 4): Rote Memory for Foreign 

Language Materials (originally called Associative Memory in Carroll, 1958), Linguistic 
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Interest, Inductive Language Learning, Grammatical Sensitivity, Phonetic Coding ability 

(originally called Sound-Symbol Association in Carroll, 1958), Verbal Knowledge, and 

Speed of Learning  (Carroll, 1958, p. 16). Each factor will be defined and reviewed 

below.

3.1.2.1 Rote Memory for Foreign Language Materials 

Carroll (1958) found that the factor for Rote Memory for Foreign Language 

Materials (Carroll, 1962; née Associative Memory) was the strongest predictor of L2 

aptitude in the learning context investigated. In Table 4, the first two columns provide 

factor weight coefficients that allow comparison of each factor’s relative magnitude in 

contributing to the overall L2 aptitude score, while the second set of columns provide 

correlations that indicate the degree to which each factor was associated with the 

instructors’ final evaluations. Using data from both groups, Rote Memory displayed the 

strongest factor weights (0.51 and 0.51), as well as moderate and high correlations with 

instructors’ final ratings (r=0.48 and 0.71). Of the individual tests contributing to this 

factor, MLAT5 Paired Associates (e.g., memorize L2 words) obtained the strongest 

loading (0.65, 0.38). In addition, MLAT1 Number Learning (e.g., memorize L2 numbers; 

0.30, 0.57) also loaded onto this factor. Interestingly, measures of Inductive Language 

Learning (Tem Tem Learning Parts I and II), another factor discussed below, also loaded 

onto the Rote Memory factor (-0.15 ≤ r ≤ 0.64), suggesting a link between Rote Memory 

and Inductive Language Learning. Finally, tests of phonetic discrimination also loaded 

onto this factor, suggesting Rote Memory may be implicated in learning sounds (0.18, 

0.34). In sum, Rote Memory predicted outcome more strongly than the other factors, and 

MLAT5 Paired Associates was the best predictor of Rote Memory ability. In addition, 
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Rote Memory was related to number learning, inductive language learning, and phonetic 

discrimination. 

3.1.2.2 Linguistic Interest 

A predictive Linguistic Interest factor was identified (weights: 0.41, 0.33; Carroll, 

1958). No known cognitive ability was associated with this factor, so Carroll (1958, p. 

12) chose the name Linguistic Interest to describe it. It obtained low moderate 

correlations with the instructors’ final ratings (r=0.39 and 0.33). A heterogeneous set of 

tests loaded onto this factor. A test of phonetic association had the highest loading (0.60, 

0.27), followed by these tests:  MLAT5 Paired Associates (e.g., memorize L2 words; 

0.00, 0.51), Disarranged Letters (e.g., unscramble the word; 0.43, 0.27), MLAT2 

Phonetic Script (e.g., learn sound symbol associations; no data, 0.41), Turse Spelling 

(identify correct spelling of a word from three alternatives; 0.17, 0.42), Disarranged 

Words (unscramble the sentence; 0.39, no data), MLAT4 Words in Sentences (e.g., 

identify parts of speech through analogy; 0.36, 0.35), and MLAT1 Number Learning 

(e.g., learn L2 numbers; 0.35, -0.01). The highest loadings appear to be related to 

associative memory and the ability to manipulate knowledge, which is suggestive of 

working memory. Another possibility is that this factor represents intrinsic motivation3. 

Nevertheless, the Linguistic Interest factor cannot be interpreted with the set of tests 

Carroll (1958) administered, and its nature remains an empirical question.

3.1.2.3 Inductive Language Learning 

Inductive Language Learning ability ranked third in the list of factors (weights: 

0.38, 0.30; Carroll, 1958). This factor describes the ability to induce rules from linguistic 

forms and referents (Carroll, 1958, p. 14). Low or moderate correlations were obtained 
                                                
3 I thank Peter Robinson for this observation.
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with instructors’ final ratings (r=0.22 and 0.33). All three parts of Tem-Tem learning, an 

artificial language learning task involving learning sentences from listening to audio 

recordings and viewing illustrative still pictures presented on a screen, correlated with 

this factor (.46 ≤ r ≤ .69). In contrast, the learning of another artificial language through 

grammar translation methodology, Perdaseb, did not load onto this factor. Given the 

double loadings of Tem Tem Learning Parts I and II on both the Inductive Language 

Learning and Rote Memory factors, higher order analyses might reveal a relationship 

between the two abilities. Research beyond Carroll’s (1958) investigation is inconclusive 

on this issue. Harley and Hart (1997) found a correlation between Inductive Language 

Learning and Rote Memory abilities, as measured by the Pimsleur Language Aptitude

Battery (PLAB), while Sasaki (1996) found that Inductive Language Learning ability 

(measured by the Language Aptitude Battery- Japanese (LAB-J), a translation of the 

PLAB measure) was linked to reasoning ability, and not Rote Memory (Sasaki, 1996). 

Unfortunately, while predictive for psychometric purposes, Inductive Language Learning 

ability possibly confounds different abilities associated with words and rules (also see 

Skehan 1996b, 1999).

3.1.2.4 Grammatical Sensitivity 

The fourth factor Carroll (1958) identified was Grammatical Sensitivity (weights: 

0.18, 0.13). Carroll (1958, p. 15) suggests this factor is related to the ability to plan or 

identify syntactic form, and may be related to prior instruction, including training in Latin 

or English grammar. The weights for Grammatical Sensitivity are not as strong as those 

for the previous three factors, and furthermore, its correlations with L2 achievement were 

moderate and low (r=0.41, 0.21). Unlike the Inductive Language Learning factor, the set 
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of tests that loaded onto Grammatical Sensitivity generally did not load onto the Rote 

Memory factor, making this factor more distinct. However, later research by Skehan 

(1986c) found that L1 vocabulary development correlated with Grammatical Sensitivity, 

so more research is needed to understand this trait. The two tests with the strongest 

loadings did not become part of the MLAT: Letter-Star (replace letters and stars with 

words to make a sentence, e.g., * Y * S; 0.53, no data) and Word Elements (select, 

inductively, examples of Latin and Greek roots and affixes found in English words and 

identify meanings in a multiple choice test; 0.52, no data). Instead, MLAT4 Words in 

Sentences (e.g., identify parts of speech through analogy), which obtained low-moderate 

to low loadings on the factor (0.39, 0.29), has served as the main test of this construct. 

Other tests demonstrated comparable or lower loadings on this factor: Perdaseb (grammar 

translation learning of artificial language; no data, 0.39), Turse Spelling (i.e., MLAT3 

Spelling Clues, e.g., find synonym for word spelled phonetically; 0.18, 0.33), and Tem-

Tem Learning, Part III (0.10, 0.30). Of these tests, only Perdaseb loaded onto both Rote 

Memory and Grammatical Sensitivity. Otherwise, this factor represents a cluster of tests 

that index an underlying trait, possibly related to prior instruction, which is separable 

from Rote Memory. 

3.1.2.5 Grammatical Sensitivity and Inductive Language Learning: The Same Underlying 

Trait?

At this juncture, the relationship between Inductive Language Learning ability 

and Grammatical Sensitivity will be discussed, as the two factors have been combined as 

one common ability in aptitude research (Ranta, 2002; Skehan, 1989, 2002). 

Grammatical Sensitivity has been linked to Inductive Language Learning under the 
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auspices of Language Processing Ability, where the former is interpreted as passive and 

the latter as active versions of the same underlying ability (Skehan, 1989, 2002). This 

assertion is curious, in that a closer inspection of Skehan’s (1986c) data, on which the 

assumption appears to be based (Skehan, 1989, p. 33), does not reveal any direct 

relationship between the two abilities. The data do show that measures of L1 mean 

morpheme length utterance (MLU) taken at 42 months are correlated with both a measure 

of grammatical sensitivity (EMLAT; r=0.52) and a measure of Inductive Language 

Learning ability (York Aptitude Test; r=.39; see below). Only one other study has 

examined both abilities within subjects, and while no statistical analyses were performed 

to determine if the abilities were correlated, the pattern of performance suggests they may 

not be strongly correlated (Ross, Yoshinaga, & Sasaki, 2002). However, the measure of 

grammatical sensitivity (MLAT4) was administered in the participants’ L2, which may 

have affected performance. Thus, based on these data, it is not clear that the two factors 

may be collapsed in the manner proposed by Skehan (1989, 2002). There simply is not 

enough prior research on these abilities to be certain that they tap the same constructs. 

3.1.2.6 Phonetic Coding Ability (née Sound-Symbol Association) 

A fifth factor, Phonetic Coding ability (Carroll, 1962), originally called Sound-

Symbol Association (Carroll, 1958), was identified (weights: 0.02, 0.22; Carroll, 1958). 

This factor is defined as underlying knowledge of sound-symbol correspondence or the 

ability to learn a new set of such correspondences (Carroll, 1958, p. 13). Carroll (1958) 

speculates that either early reading training that emphasized phonics or inherent phonetic 

abilities may be related to this ability (Carroll, 1958, pp. 13-14). Tests involving 

anagrams (0.65) and rhyming (0.63) were considered pure measures of this ability, 
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although neither is included in the MLAT. Instead, MLAT2 Phonetic Script (e.g., learn 

sound-symbol associations) was included in the MLAT. This task moderately loaded onto 

this factor (no data, 0.47), as did Turse Phonetic Association (correct a word spelled 

phonetically, e.g., funetiklee; 0.38, 0.43), Disarranged Letters (0.42, 0.36), with lower 

loadings for Tem Tem I (0.20, 0.37) and Devanagari Script (sound-symbol associations 

for Sanskrit; no data, 0.34). This factor was related to phonological coding and decoding 

processes, which play a role in all theories of SLA.

3.1.2.7 Verbal Knowledge 

The sixth factor, Verbal Knowledge, represents another factor that has played no 

role in aptitude research since Carroll (1958). Factor weights were low (0.15, 0.06), but 

correlations between the factor and achievement were slightly better than those for 

Grammatical Sensitivity (r=0.44 and 0.39). Tests that loaded onto this factor pertained to 

the knowledge of lexicon and idioms in English. MLAT3 Spelling Clues (e.g., identify 

word spelled phonetically and find synonym) obtains a high loading onto this factor (no 

data, 0.70), followed by Turse Word Discrimination (0.64, no data), Cooperative 

Vocabulary (0.59, 0.55), Rhyming (-.01, 0.56), Phrase Completion (0.47, no data), Turse 

Phonetic Association (0.40, 0.45), Same-Opposites  Accuracy (choose synonym or 

antonym; 0.42, no data), Turse Spelling (0.33, 0.40), Disarranged letters (0.00, 0.38), 

Disarranged Words (0.36, no data), and MLAT5 Paired Associates (e.g., learn L2 words; 

0.01, 0.31). Carroll (1958) observed that the low factor weights indicate that Verbal 

Knowledge in the L1 does not appear to be relevant to initial learning of an L2. Carroll 

(1958) speculates that Verbal Knowledge may become relevant under learning conditions 

permitting higher levels of attainment. There is some evidence that this assertion may be 
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correct. Skehan (1986c) found that L1 vocabulary knowledge at 66 months achieved high 

moderate correlations with L2 proficiency in teenagers who had studied an L2 since 

primary school (see discussion below), lending some credence to this speculation. Thus, 

L1 Verbal Knowledge may be related to L2 aptitude, and a measure of this factor is 

indeed a “hidden” component of the MLAT (MLAT3 Spelling Clues), as discussed 

above. Nevertheless, this factor has been under-explored in aptitude research. 

3.1.28 Speed of Association 

The last factor, Speed of Association, obtained a negative factor weighting (-0.07) 

and a very low correlation with the criterion (r=0.08; Carroll, 1958). Most tests that 

loaded onto this factor measured speeded responses on associative memory tasks. The 

tests that loaded onto Speed of Association were Verbal Enumeration Speed (0.69), 

Picture Naming (0.65), Same-Opposites Speed (0.48), and Verbal Enumeration Accuracy 

(-0.38). While tests appear to gauge the speed of retrieval and manipulations of items 

stored in associative memory, Speed of Association was not related to initial L2 learning 

in the context investigated. 

3.1.2.9 The Factors and Subtests in the MLAT

Presumably based on factor weights, correlations with the instructors’ final 

ratings, and the ability to describe the cognitive trait measured by the factor, Carroll 

(1962) designated four of the factors reviewed above as important for L2 aptitude: Rote 

Memory for Foreign Language Materials, Inductive Language Learning, Grammatical 

Sensitivity, and Phonetic Coding ability. Due to test administration considerations, no test 

of Inductive Language Learning ability is included in the MLAT. Rote Memory is tested 

by MLAT1 Number Learning and MLAT5 Paired Associates; Grammatical Sensitivity is 
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tested by MLAT4 Words in Sentences; and Phonetic Coding ability by MLAT2 Phonetic 

Script. In addition, MLAT3 Spelling Clues, which obtained a high loading onto the 

Verbal Knowledge factor, is commonly associated with Phonetic Coding ability, 

although there is no direct evidence for its loading onto that factor (Carroll, 1962, p. 

129). That is, MLAT3 Spelling Clues was not a member of the test battery that loaded 

onto this factor, although, absent the synonym component, it is partially similar to 

another test that did4. Thus, (a) a test purportedly measuring Phonetic Coding ability has 

not been directly shown to be a measure of this factor, and (b) although invisible in most 

discussions of aptitude, the factor of Verbal Knowledge has been measured repeatedly 

throughout the history of the MLAT, without being interpreted as such. In the end, 

Carroll (1962) suggests there are four factors associated with L2 aptitude (Rote Memory, 

Inductive Language Learning, Grammatical Sensitivity, and Phonetic Coding), but only 

three are directly tested by the MLAT. Furthermore, an additional factor that was omitted 

from descriptions of the components of aptitude, Verbal Learning, is actually tested by 

one subtest of the MLAT (Carroll, 1958). One way to make sense out of this peculiar 

state of affairs is to note that while the MLAT has predictive validity, its constructs may 

not. However, it is construct validity that is needed to understand the cognitive processes 

underlying L2 aptitude.

                                                
4 A related test, Turse Phonetic Association, loaded onto the Sound-Symbol Association (Phonetic Coding 
ability) factor. It may be inferred that this association between MLAT3 Spelling Clues and Phonetic 
Coding is based on this other test (see Carroll, 1963, p. 129 and Carroll, 1958, pp. 5 and 13).
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Table 4. Factor Weights and Correlations between Factors and Final Evaluation in 
Carroll (1958)

Factor Weights Correlations with Final  

Evaluation

Factor

Group I Group II Group I Group II

Rote Memory for Foreign 

Language Materials 

(Associative Memory)

0.513 0.512 0.480 0.709

Linguistic Interest 0.407 0.333 0.393 0.333

Inductive Language Learning 0.383 0.300 0.222 0.495

Grammatical Sensitivity 0.178 0.134 0.414 0.212

Phonetic Coding Ability 

(Sound-Symbol Association)

0.025 0.216 0.301 0.586

Verbal Knowledge 0.152 0.055 0.445 0.389

Speed of Association -0.069   na 0.085    na

3.1.2.10 Discussion of Aptitude Factors and Their Relationship to Modern SLA Theory

There are numerous challenges to applying Carroll’s (1958, 1962) aptitude factors 

to modern SLA theory. The factors associated with aptitude were devised through 

exploratory factor analysis, which is a tool for reducing data to simplify interpretation. 

Using this technique Carroll (1962) identified the four cognitive traits now commonly 

associated with L2 aptitude, listed again here for convenience: Rote Memory for Foreign 

Language Materials, Inductive Language Learning ability, Grammatical Sensitivity, and 

Phonetic Coding ability. It is difficult to retrofit modern theories to the outcome of 

exploratory factor analysis because original selection and scoring of the tests was 
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informed by older theories about SLA; that is, the premise underlying the original 

analysis is inadequate for current interpretations (see Nunnally, 1978). For example, 

Skehan (1986b) observed that Carroll’s (1958, 1962) focus on associative learning of 

word pairs may not reflect the more demanding task of memorizing longer strings of text 

that may be relevant to SLA (see discussion below). In addition, as noted above, the 

factors specifically associated with grammar learning appear to collocate multiple 

abilities that would be considered distinct in current theories: Inductive Language 

Learning combines some distinct ability with Rote Memory, while Grammatical 

Sensitivity may be related to the ability to either learn new grammar or apply prior 

knowledge of learning grammar. Finally, working memory was not tested in the MLAT. 

In sum, the aptitude factors originally defined by Carroll (1958, 1962) are unable to shed 

light on aspects of cognition considered relevant to SLA.

3.2 Scoring the MLAT

Scoring practice further illustrates potential challenges to interpreting the 

underlying constructs indexed by the MLAT. It is scored by summing the points from 

each subtest. Because each subtest contains a different quantity of items, each ability is 

weighted differently (Table 5). No particular SLA theory informs the weighting. Thus, 

aptitude, as measured by the MLAT long form, is 35% Rote Memory, 42% Phonetic 

Coding ability, and 23% Grammatical Sensitivity. In this case, the bulk of L2 gains are 

potentially mediated by Phonetic Coding abilities and Rote Memory. However, if the 

MLAT is re-interpreted to include the Verbal Knowledge factor (as described above), 

aptitude is 35% Rote Memory, 26% Verbal Knowledge, 16% Phonetic Coding, and 23% 

Grammatical Sensitivity. Under this interpretation, rapid SLA is largely a function of 
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declarative memory abilities (61%), both extant knowledge (Verbal Knowledge) and the 

potential to learn (Rote Memory). Still, without a basis in SLA theory, the weighting of 

different MLAT subtests in the final score is unprincipled and arbitrary. With the 

challenge of an incomplete understanding of the constructs underlying the MLAT 

subtests, it is difficult to interpret aggregate test results for theoretical purposes.

Table 5. MLAT Scoring. 
Subtest Points Factor Other Factor % Total 

Score 

MLAT1 Number Learning 43 Rote Memory na 22

MLAT2 Phonetic Script 30 Phonetic Coding na 16

MLAT3 Spelling Clues 50 Phonetic Coding Verbal 

Knowledge

26

MLAT4 Words in 

Sentences

45 Grammatical 

Sensitivity

na 23

MLAT5 Paired Associates 24 Rote Memory na 13

Total 192 100

3.3 The MLAT Subtests

Because the MLAT subtests differentially contribute to the MLAT total score, and 

because the combination of subtests may include overlapping or redundant abilities, the 

predictive capacity of each MLAT subtest is examined next to ascertain whether one test 

is more predictive than others (see Table 3 above for descriptions of the subtests). In 

order to investigate this issue, a basic research synthesis of readily available aptitude 



75

research5  was performed by the author. The procedure was as follows: First, studies using 

the MLAT were identified via a search of ERIC, Linguistics and Language Behavior 

Abstracts, and MLA Bibliography databases, as well as reference lists of articles 

published on aptitude; second, data from relevant studies were entered into a spreadsheet; 

and third, data that did not pertain to L2 proficiency were eliminated from the analysis. 

Data from a variety of proficiency measures, based on such criteria as final grades, 

teacher ratings, and proficiency tests were included. Seven studies matched these criteria 

(Bialystok & Frölich, 1978; Carroll, 1962; Ehrman & Oxford, 1995; Harley & Hart, 

2002; Horwitz, 1987; Skehan, 1986c; Winke, 2004). Descriptive analyses of the data 

were performed in two groupings. In the first analysis, all correlations meeting the 

criteria specified above were included, even though some were insignificant (p > 0.05) 

and some did not report p values. The aim of the first analysis was to obtain a rough 

sketch of trends in predictive validity of each MLAT subtest. The logic behind including 

all correlations is that all data, whether significant or not, should contribute to an overall 

picture (Cooper, 1998).  In the second analysis, only those correlations with significant p 

values were included. The aim of this second grouping of data was to isolate trends in 

data where there was a higher degree of confidence that correlations were generalizable 

to the larger population.  

3.3.1 First Meta-Analysis

The first descriptive meta-analysis of MLAT subtest data from seven different 

studies is reported here. As noted above, in this analysis, all correlations were included, 

                                                
5 Because data were entered and coded solely by the author, results should be interpreted 
with caution.
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regardless of whether they achieved statistical significance. Table 6 presents the mean 

correlations and range for each MLAT subtest.

Table 6. First Meta-Analysis with All Correlations Regardless of p-value.
Test Factor(s) No. of r Median r Mean

r

Range

of  r

MLAT1 Number 

Learning

Rote Memory 49 0.34 0.38 -0.22 to 

0.67

MLAT2 Phonetic Script Phonetic Coding 56 0.37 0.44 -0.08 to 

0.75

MLAT3 Spelling Clues Phonetic Coding

(Verbal 

Learning)

58 0.31 0.36 -0.33 to 

0.73

MLAT4 Words in 

Sentences

Grammatical 

Sensitivity

82 0.28 0.37 -0.13 to 

0.72

MLAT5 Paired 

Associates

Rote Memory 73 0.24 0.24 -0.24 to 

0.75

The first meta-analysis demonstrated the following trends for each subtest (Table

6). MLAT1 Number Learning. Forty-nine correlations pertained to L2 proficiency (17 

datasets). Twenty percent of the correlations were low or negative (-0.29 ≤ r ≤ 0.29), 

whereas the remaining 80% obtained correlations of r=0.30 or higher. The mean 

correlation was r=0.38. MLAT2 Phonetic Script. Fifty-six correlations pertained to L2 

proficiency (17 datasets). Nine percent of the correlations were low or negative (-0.09 ≤ r

≤ 0.29), whereas the remaining 91% obtained correlations of r=0.30 or higher. The mean 
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correlation was r=0.36. MLAT3 Spelling Clues. Fifty-eight correlations pertained to L2 

proficiency (19 datasets). Thirty percent of the correlations that were low or negative (-

0.33 ≤ r ≤ 0.29), whereas the remaining 70% obtained r=0.30 or higher. The mean 

correlation was r=0.38. MLAT4 Words in Sentences. Eighty-two correlations pertained 

to L2 proficiency (32 datasets). Twenty-six percent of the correlations were low or 

negative (-.13 ≤ r ≤ .29), whereas the remaining 74% obtained correlations of r=0.30 or 

higher. The mean correlation was r=0.37. MLAT5 Paired Associates. Seventy-three 

correlations pertained to L2 proficiency (25 datasets). Sixty percent of correlations were 

low or negative (-0.24 ≤ r ≤ 0.29), whereas the remaining 40% obtained correlations of 

r=0.30 or higher. The mean correlation was r=0.24 (Table 7). These results are discussed 

next.

The trends observed in the first meta–analysis indicate that MLAT2 Phonetic 

Script is somewhat more predictive than other subtests, while MLAT5 Paired Associates 

is less predictive than would be predicted based on Carroll’s (1958) original findings. In 

terms of the first trend, Skehan (1998) has proposed that phonetic coding skills are 

central to initial learning, and given the short time periods involved in learning, these 

results provide some support for that claim. Regarding the second trend, numerous SLA 

theories posit a strong role for associative memory in learning an L2, so these results are 

not expected. It may be the case that MLAT5 Paired Associates is fails to distribute 

learners sufficiently, suggesting that this test is not a useful predictive measure of its 

construct.
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3.3.2 Second Meta-Analysis

The second analysis of MLAT subtest data from seven different studies is 

reported here. Only those correlations that included significant p values were included. 

Table 7 presents the mean correlations and range of correlations for each MLAT subtest.

Table 7. Second Meta-Analysis with Correlations Reporting Significant p-values.
Test Factor(s) N of 

r

Median

r

Mean

r

Range

of r

MLAT1 Number 

Learning

Rote Memory 21 0.40 0.51 0.37 to 

0.65

MLAT2 Phonetic Script Phonetic Coding 22 0.46 0.51 0.34 to 

0.68

MLAT3 Spelling Clues Phonetic Coding

(Verbal Learning) 23 0.39 0.49 0.37 to 

0.73

MLAT4 Words in 

Sentences

Grammatical 

Sensitivity

29 0.42 0.51 0.12 to 

0.69

MLAT5 Paired Associates Rote Memory 20 0.25 0.49 0.26 to 

0.75

The second meta-analysis demonstrated much uniformity in predictive capacity 

for each subtest. For MLAT1, MLAT2, MLAT3, and MLAT4 subtests, 100% of 

correlations were r=0.30 or higher. The mean correlations were r=0.49 to 0.51. For 

MLAT5 Paired Associates, 95% of correlations were r=0.30 or higher. The mean 

correlation was r=0.49. Thus, the second meta-analysis indicated that when p values were 
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taken into consideration, all five subtests were comparable in terms of correlations with 

outcome measures. Based on this analysis, one may conclude that when the tests 

adequately discriminate participants’ abilities (as indicated by significant p-values), they 

do so at comparable levels. The first meta-analysis, however, may indicate that all 

subtests do not equally discriminate among testing populations, leading to a tendency for 

some subtests to be more predictive than others.

3.3.3 Summary of the MLAT Validation Study and L2 Aptitude Factors 

The section on the MLAT first reviewed the original validation research that 

informed the development of the MLAT. Claims that the MLAT predicts L2 success 

within a range of r=0.40 to 0.60 are generally accurate, but may be overstated when 

learning takes place in moderately intense and slower-paced environments. Next, the 

process of identifying the cognitive traits of L2 aptitude was described. Based on 

exploratory factor analysis, Carroll (1958) proposed seven cognitive abilities associated 

with aptitude. Four of these traits are commonly associated with aptitude: Rote Memory 

for Foreign Language Materials, Phonetic Coding ability, Inductive Language Learning 

Ability, and Grammatical Sensitivity. A fifth factor, Verbal Learning, is indexed by the 

MLAT but is not generally considered a component of L2 aptitude. It is difficult to link 

these abilities to modern SLA theory for (at least) two reasons: (a) the factors appear to 

combine abilities that may be separated in research today, and (b) cognitive abilities 

considered important to SLA do not contribute to the original model. Moreover, the 

MLAT subtests themselves are problematic tools for indexing cognitive abilities. The 

subtests, in some cases (a) index more than one ability (MLAT3 Spelling Clues indexes 

both Phonetic Coding ability and Verbal Learning), (b) measure some factors twice such 
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that there is redundancy in the composite score (MLAT1 and MLAT5 both index Rote 

Memory, while MLAT2 and MLAT3 both index Phonetic Coding Ability), and (c) fail to 

index the Inductive Language Learning factor. In addition, the subtests’ contributions to 

the total MLAT score are weighted arbitrarily due to scoring conventions, hindering the 

interpretation of MLAT scores vis-à-vis component factors. Furthermore, the relative 

contributions of factors may be further obscured by failure of some subtests to predict L2 

achievement in certain contexts as shown in the first descriptive meta-analysis. This 

situation is unfortunate, because the respectable predictive validity of the MLAT ideally 

should inform theory and practice. While the argument that the construct of aptitude must 

be reconceptualized has been made elsewhere, this comprehensive review demonstrates 

why the factors associated with the MLAT specifically, and L2 aptitude generally, are 

currently inadequate tools for understanding the processes and products of SLA from a 

theoretical perspective. 

3.4 Literature Review: L2 Aptitude

The review that follows describes L2 aptitude research that investigates the 

cognitive representation of SLA, the relationship of intelligence to SLA, the role of 

individual differences in working memory in SLA, and the influence of learning 

conditions on the cognitive representation and SLA.

3.4.1 L2 Aptitude Investigations of the Cognitive Representation of an L2

To investigate the cognitive underpinnings of SLA, researchers often compare 

and contrast L1 and L2 performance differences, and a subset of L2 aptitude research has 

adopted this approach. The premise behind many of these studies begins with the 

hypothesis that success in developing high proficiency is restricted by maturation, or 
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more specifically, a biologically-based critical period (Curtiss, 1977; Johnson & 

Newport, 1989; Lenneberg, 1967). This follows from the observation that as language 

learners age, there is a decline in their ability to attain nativelike proficiency. Still, a 

growing body of research in SLA contradicts these claims, instead indicating that at least 

some older learners can achieve high degrees of proficiency in some, if not all, L2 

linguistic subroutines (Birdsong, 1992, 1999; Bongaerts, 1999; Flege & Liu, 2001; 

Friederici, Steinhauer, & Pfeiffer, 2002; White & Genesee, 1996). Thus, the hypothesis 

that there is a critical period per se will not be assumed in the discussion that follows, 

although it will be assumed that there are differences in L1 and L2 learning and 

attainment. The set of studies reviewed next are related to the question of how an L2 is 

represented. 

3.4.1.1 DeKeyser (2000) 

Following Bley-Vroman (1989), DeKeyser (2000) proposed adult learners, 

relative to child learners, rely on analytical abilities to learn an L2. To test this claim, he 

administered a Hungarian translation of MLAT4 Words in Sentences (Grammatical 

Sensitivity) and an English grammaticality judgment task to 57 Hungarian learners of 

English. All participants had been immersed in English for 10 or more years, but they 

varied widely in age of arrival and age at the time of taking the test. He divided the 

participants into two groups: child learners (first exposure before 16 years, n=15) and 

adult learners (age of exposure 16+ years; n=42). He found that for adult arrivals there 

was a low, significant correlation between MLAT4 and scores on grammaticality test 

(scores based on rejection of incorrect items only; r=0.33, p< 0.05). Performance on the 

MLAT 4 thus accounted for approximately 11 percent of the variance in correct rejection 
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of incorrect sentences for the adult learners. For child arrivals (n=15), there was a very 

low, non-significant correlation obtained between MLAT4 and grammaticality test scores 

(r=0.07, ns). 

Although DeKeyser’s (2000) results were in the predicted direction, the 

Hungarian version of the MLAT4 may have been flawed. First, DeKeyser’s (2000) 

MLAT4 obtained a restricted range of scores. Of 20 items, the maximum score was 11. 

Given that Hungarian was the native language of the participants, this sort of low ceiling 

effect is not expected. Second, in English, the MLAT4 is a multiple choice test with five 

answer alternatives. Thus, the score expected if learners performed at chance would be 20 

percent accuracy, or if the Hungarian MLAT4 followed the same design, a raw score of 

4. In fact, mean raw scores suggest that learners performed very close to or only slightly 

above chance in DeKeyser’s investigation (child learners M=4.3; adult learners M=4.9; 

p. 510). It’s not clear that this version of the MLAT4 tapped the underlying analytical 

ability desired. These results have typically been interpreted as indicating that adults, and 

not children, rely on grammar analysis to achieve success in an L2. However, the 

shortcomings of the version of the MLAT4 used compromises its validity as a measure of 

grammatical analysis. Therefore, it is hard to say whether adult learners tend to rely on 

analytical abilities based on DeKeyser (2000).

3.4.1.2 Ross, Yoshinaga, and Sasaki (2002) 

Ross, Yoshinaga, and Sasaki (2002) aimed to distinguish the effects of type of 

exposure, pre-critical period access to UG, and aptitude. Like DeKeyser (2000), aptitude 

was operationalized as grammatical analysis. Ross et al. (2002) assessed aptitude with the 

LABJ3 Artificial Language subtest (Inductive Language Learning Ability) and the 
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English version of MLAT4. They sampled 129 English language learners ages 18-21 

divided into three groups: English immersion before age 12 (child SLA, n=34), English 

immersion as a teenager (teen SLA, n=38), and teenagers who had learned English as a 

foreign language (teen FLL, n=57). The groups were not matched for aptitude. For 

LABJ3, the child SLA (M=2.31 ) and teen SLA (M=2.35 ) groups obtained comparable 

scores, while the teen FLL LABJ scores were somewhat higher (M=2.84). For MLAT4, 

mean scores (z-scores) for the child SLA group were lowest (M=0.29), mean scores for 

the teen SLA group were in the middle (M=0.88), and mean scores for the teen FLL 

group were the highest (M=1.50). In terms of aptitude, the teen SLA group appeared to 

obtain the highest scores. 

General English proficiency was assessed through TOEFL scores, which 

indicated the three groups varied in proficiency level. The average TOEFL score for the 

child SLA group was the highest  (M=583; SD=36); next came the teen SLA group 

(M=548; SD=32); and last came the teen FLL (M=511; SD=43). Correlations between 

the aptitude measures and TOEFL composite scores were negative and low for the Child 

SLA group (MLAT4, r=-0.15; LABJ3, r=-0.19). Positive correlations, one moderate and 

one low, obtained between aptitude and TOEFL scores for the teen FLL group (MLAT4, 

r=0.41; LABJ3, r=0.18). These trends were interpreted as evidence that aptitude 

positively influences proficiency for the Teen FLL group, but not the child SLA group. 

Correlations for the Teen SLA group were not reported. 

In addition to TOEFL scores, a grammaticality judgment test assessed knowledge 

of that-trace violations, extraction out of relative clause violations, and adjunct island 

extraction violations. Using ANCOVA and a Johnson-Neyman analysis, they determined 
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that 60% of the teen FLL group relied on the trait measured by MLAT4 to make accurate 

judgments on that-trace violations, and for 53% of the teen FLL group relied on the trait 

measured by LABJ3 to make accurate judgments on adjunct island extractions. 

Otherwise, the aptitude tests were not predictive of accuracy. 

Ross et al.’s (2002) data point to trends related to exposure conditions, type of 

grammatical form, and the predictive validity of different grammar-based aptitude 

measures. However, two important issues make it challenging to generalize the findings 

reported. First, the three groups were not comparable in terms of aptitude, as described 

above. Portions of the teen FLL group may have relied on aptitude because they had 

more aptitude to rely on. Second, the groups were not matched for amount of exposure. 

The mean length of residence for each group was: Child SLA, 8.1 years; Teen SLA, 3.2 

years; and Teen FLL, 6 years. Thus, their conclusions about type of exposure and age of 

exposure are confounded by these two uncontrolled variables. 

3. 4.1.3 Harley and Hart (1997, 2002) 

Harley and Hart (1997, 2002) investigated whether aptitude was predictive of 

learning in different age groups in immersion settings. They initially compared 11th

graders divided into early immersion (study began in grade 1; n=36) and late immersion 

groups (study began in grade 7; n=29). They administered the Wechsler Memory Scale 

subtest (measures of memory for text), MLAT5 Paired Associates, and a measure of 

inductive language learning ability (PLAB3 Language Analysis). They found that 

memory for text significantly predicted proficiency for early immersion learners, while 

inductive language learning was related to aspects of success in late immersion. Because 

the learning environment may have differed for the two groups, with older learners being 



85

taught under more analytical conditions, they conducted a follow-up study with 28 10th

and 11th grade learners studying in a 3-month study-abroad context.  For these older 

learners, they again found a correlation between inductive language learning ability, but 

not memory for text, and proficiency.  Their research again seems to indicate different 

paths to L2 learning mediated by age and learning conditions. Memory was for the first 

time implicated in child L2 learning, rather than UG, and inductive language learning 

ability was implicated in teen SLA.

Like other critical period research, Harley and Hart’s (1997, 2002) research 

design did not control important intervening variables. That is, the different groups were 

not matched for amount of exposure or type of exposure. Practice effects, time, and 

quality of instruction may affect language learning (Carroll, 1963; Norris & Ortega, 

2000; Robinson, 2003; Ullman, 2001, in press).

3. 4.1.4 Skehan (1986b, 1990) 

To better understand how L1 development is related to both aptitude and L2 

achievement, Skehan (1986b, 1990) acquired aptitude and proficiency scores for 

teenagers who participated in the Bristol Language Project as young children (Wells, 

1986). The Bristol Project collected naturalistic data on morphosyntactic, lexical, and 

pragmatic development in children between 39 and 66 months old (approximately 3 to 5 

years old). One of the main findings was that there were considerable individual 

differences in L1 acquisition (Wells, 1986). As a follow-up to the Bristol Project, Skehan 

(1986b, 1990) administered age-appropriate aptitude tests to 53 of the participants when 

they were 13 to 16 years old. A subset of this group (n=23) had been enrolled in foreign 

language study before the time of testing, possibly for a number of years predating 



86

adolescence6, and thus, the amount of exposure was not controlled in this research. The 

aptitude measures Skehan (1986c, 1990) used were:  EMLAT17 Hidden Words (Phonetic 

Coding ability or Verbal Knowledge); EMLAT2 Matching Words (Grammatical 

Sensitivity); York Aptitude Test (Inductive Language Learning ability); AH28 (Verbal 

Intelligence; Heim, 1970); PLAB5 Sound Discrimination; and PLAB6 Sound Symbol 

Association. Relevant comparisons of L1 development, L2 aptitude, and L2 achievement 

are described next.

3.1.4.4.1 L1 development and L2 aptitude. Skehan’s (1986b, 1990) data indicated 

that a number of L1 developmental indices were correlated with aptitude scores (Table

8). L1 Vocabulary. L1 vocabulary at 39 months, an indicator of associative memory 

abilities, obtained moderate and high-moderate correlations with all measures of L2 

aptitude, possibly underscoring its ubiquity in language. Vocabulary at 66 months, 

however, was not as strongly linked to aptitude, although there were low moderate 

correlations with the tests of Phonetic Coding/Verbal Knowledge, Inductive Language 

Learning, and verbal intelligence. This trend potentially indicates that the underlying 

ability related to vocabulary acquisition remains important for these aptitude constructs, 

which are in turn related to SLA. L1 MLU. MLU at 42 months, an indicator of 

grammatical ability also correlated with most aptitude measures, although more weakly 

than L1 vocabulary. Interestingly, MLU at 42 months correlated most strongly with 

                                                
6 Skehan (1986a) states the small group of L2 learners “is the result of the children involved having reached 
the age at which it is possible to drop the study of a foreign language, either from personal choice or 
because of advice from the school concerned. Whatever the reason, one should take account of the 
probability that the children still studying French at the age of 15 or so are not completely representative of 
the original sample, since they are more likely to have shown previous success in language study and have 
been encouraged to continue the study of a foreign language.” 
7 Now called the MLAT-E, the EMLAT is the Elementary Modern Language Aptitude Test, a version of 
the MLAT for children and adolescents developed by Carroll and Sapon.
8 AH2 tasks include synonyms, verbal analogies, and number series. 
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EMLAT2, the elementary version of  MLAT4 Words in Sentences. This suggests the 

grammatical processing system used by children is indexed by Grammatical Sensitivity. 

Unfortunately, MLU at 57 months did not correlate with aptitude, possibly as a result of 

ceiling effects (Skehan, 1986b), so further information about the development of complex 

grammar cannot be gleaned from the measure of MLU used in the Bristol study. 

Summary. Therefore, these data reveal two trends. First, EMLAT2, and possibly, related 

measures of Grammatical Sensitivity such as MLAT4, correlate with both L1 vocabulary 

and L1 grammar, and thus may not be solely interpretable as a measure of grammar (as 

such measures frequently are). Second, L1 vocabulary is highly correlated with later L2 

aptitude test scores. Thus, the data indicate that both early and later L1 vocabulary 

learning, and early MLU, are correlated with L2 aptitude test scores. While Skehan’s 

(1986b, 1990) results cannot speak to advanced stages of grammar learning, these results 

corroborate (a) a notion that aptitude testing predicts early stages of acquisition, (b) that 

grammar and lexicon may not be subserved by separate systems in early stages of 

learning, and (c) that the construct of Grammatical Sensitivity may not clearly relate to 

any ability that is consistent with any particular SLA theory. 
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Table 8. Correlations between L1 Developmental Indices and L2 Aptitude Tests. 
Aptitude or Cognitive Ability Measure#L1 Measure

EMLAT1 EMLAT2 York AH29 PLAB5 PLAB6

39 mos 0.45 0.48 0.50 0.54 0.28 0.32L1 Vocabulary

66 mos 0.36 - 0.37 0.33 - -

42 mos 0.32 0.52 0.39 0.31 - 0.35MLU

57 mos 0.30 - - - - -

#Low, non-significant correlations were excluded. 

3.1.4.4.2 L1 and L2 development. An additional consideration is whether L1 

developmental indices predicted L2 achievement independently of L2 aptitude (L2 

aptitude measures were highly predictive in the sample). Only one L1 developmental 

index independently predicted L2 proficiency: L1 Vocabulary at 66 months. High-

moderate correlations obtained between this measure and proficiency in all areas tested, 

including speaking (r=0.48), reading (r=0.57), writing (r=0.62), and listening (r=0.67). 

As discussed above, Carroll (1958) proposed that L2 aptitude may be affected by L1 

verbal knowledge. In fact, in this case of classroom based SLA for young learners, L1 

verbal knowledge appears to be an informative indicator of L2 success. This relationship 

lends support to the notion that the processes underlying L1 vocabulary acquisition are 

important for SLA. 

To summarize the main points of the Bristol follow-up study, L1 development 

correlated with L2 aptitude, and L1 vocabulary at 66 months is predictive of L2 

achievement, at least in some educational settings. However, without additional 

                                                
9 AH2 tasks include synonyms, verbal analogies, and number series. 
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information on the age of initial exposure to the L2s, these data cannot be adequately 

interpreted with respect to adult-child differences. Both vocabulary and grammar 

development are predictive of L2 aptitude, although no definitive linking of these 

findings to a particular neurocognitive system can be made. Nevertheless, Skehan 

(1986b, 1990) provided evidence for a relationship between L1 development, L2 

aptitude, and L2 achievement.

3.4.1.5 Sparks, Ganschow, and Colleagues 

The last area of research linking L1 development to L2 learning to be reviewed 

here is the learning disabilities research, where similarities between L1 and L2 deficits 

are investigated. To explain learning L2 difficulties in high school and college students, 

Ganschow et al. (1989) proposed that L1 knowledge (not processes) directly affects L2 

learning. They posited the linguistic coding deficit hypothesis, which states, “foreign 

language learning is enhanced or limited by the degree to which students have control 

over the phonological, syntactic, and semantic components of their native language.”  

Consistent with Bley-Vroman’s (1989) or J. Schacter’s (1989, 1996) hypotheses, this 

hypothesis assumes L1 abilities are useful tools in learning an L2, but that the same 

systems or processes do not underlie both L1and L2 acquisition. Thus, the hypothesis 

first suggests that deficits affect L1 learning, and subsequently, impaired L1 learning in 

turn affects abilities to learn an L2. While Ganschow et al. (1989) contend that L2 

learning difficulties result from L1 impairments, the evidence they provide does not 

preclude the alternative interpretation that L1 and L2 learning difficulties are related to a 

common underlying impairment. Either way, their data show a link between L1 and L2 

development.
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Sparks et al. (1992) investigated whether L2 learning difficulties were related to 

undetected L1 impairments. They administered the MLAT to three groups of students: 

learning disabled, high–risk (failing L2 coursework), and a comparison group. They 

controlled for differences in intelligence (ANCOVA) and found that the high risk and 

learning-disabled groups obtained comparable performances on the MLAT, and that both 

groups differed from the comparison group. Learning disabled and high-risk students 

obtained lower scores on all MLAT subtests, so it is difficult to use the MLAT to 

diagnose the exact nature of the L2 learning deficit. The MLAT indicates a general lack 

of aptitude, but cannot reveal why one exists.

To address this issue, Sparks et al (1992) also administered measures of L1 

syntax, phonology, and semantics. Tests of syntax and phonology indicated that scores  

for the high-risk group were significantly lower than those of the no-risk comparison 

group.  Interestingly, there were no group differences in performance on L1 semantics, 

indicating language problems in the high-risk group may have resulted from phonological 

or syntactic coding deficits. In contrast to most other aptitude research that indicates a 

strong role for associative memory in SLA during early stages of learning, these data 

suggest direct or indirect involvement of grammar-specific learning mechanisms in SLA. 

However, these data may also suggest impairment in working memory, a construct not 

tested by the authors. 

3.4.1.6 Summary on Aptitude Research on the Cognitive Representation of SLA 

The research profiled above is inconclusive about the relationship between L1 

abilities and L2 abilities. DeKeyser (2002), Ross et al. (2002), and Harley and Hart 

(1997, 2002) conclude that there are differences between L1 and L2 learning, but design 
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flaws prohibit generalizing these conclusions to general populations. Skehan (1986b, 

2002) and Sparks & Ganschow (1992) conclude there is a connection between L1 and L2 

abilities, but only Sparks and Ganschow (1992) controlled for age of first exposure. 

However, this latter research may not be generalizable to nonimpaired populations. To 

conclude, the idea of comparing learners of different ages on aptitude and L2 proficiency 

is a promising one. When carefully controlled studies are designed, there is great 

potential for understanding child/adult difference in language acquisition. Of course, as 

noted above, the measures of aptitude should ideally index known cognitive 

underpinnings. For now, the issue of whether adult SLA is coextensive with UG, 

associative memory, and/or procedural memory cannot be directly addressed by any of 

the research reviewed above. 

3.4.2 Research on Aptitude, Intelligence, and SLA

Research indicates aptitude and intelligence tests index generally separable 

constructs (Carroll, 1962; Robinson, 2002b; Sasaki, 1996). Thus, this section will discuss 

(a) how intelligence and aptitude are related, and (b) how intelligence can independently 

predict aspects of the development of an L2. To address these issues, the work of Sasaki 

(1996) and Robinson (2002b) will be discussed. 

3.4.2.1 Sasaki (1996)  

Using exploratory factor analysis, Sasaki (1996) examined the relationship 

between aptitude, intelligence, and second language proficiency. Data came from 160 

Japanese learners of English (70 males, 90 females) of varying proficiency levels, who 

had learned English in both foreign language classroom and study abroad contexts (ages 

18-23 years). The average length of study was 7.3 years. Whether learners were at the 
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end state was not established. The study design was ex post facto, that is, data were 

collected after the L2 had been acquired. Her analysis indicated that intelligence was 

related to aptitude at a second-order level. A Lagrange Multiplier test10 showed that 

reasoning abilities were significantly correlated to performance on LABJ2 (inductive 

language learning ability) and LABJ3 (phonetic coding ability). These results suggest that 

abilities associated with pattern recognition (inductive language learning and phonetic 

coding) tested on aptitude tests are related to reasoning abilities. Reasoning abilities, in 

turn, are associated with general learning abilities, and not innate or implicit grammar 

learning systems, an important point which will be discussed below. 

3.4.2.2 Robinson (2002b, 2005)  

Robinson (2002b, 2005) investigated competing claims about the role of 

intelligence in predicting grammar learning. First, it has been argued that if an innate, 

separable grammar system underlies SLA, then individual differences will not affect 

learning (Krashen, 1981; A. Reber, Walkenfield, & Hernstadt, 1991). In contrast, a 

grammar subserved by general learning mechanisms should be positively correlated with 

intelligence (see Robinson, 1995, 2002b, 2005b). To examine these hypotheses, 

Robinson (2002b, 2005b) administered aptitude, intelligence, and working memory 

measures to 38 L1 Japanese EFL students who learned two artificial grammars devoid of 

semantic content, one through implicit techniques and the other through explicit 

techniques. The same participants also learned aspects of Samoan grammar through 

incidental learning techniques. Using the short form of the Wechsler Adult Intelligence 

Scale-Revised in Japanese (verbal, arithmetic, and block design subtests), Robinson 

                                                
10 Lagrange Multiplier tests provide information that suggests statistically significant parameters that may 
not have been uncovered otherwise. LM addresses the limitations of basing all analyses on hypothetical 
models used to conduct the factor analysis (Sasaki, 1996).
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(2002b, 2005) found low-to-moderate negative correlations between intelligence and a 

measure of implicit learning (r=-.34, p < .05; r=-.50, p < .01, corrected for attenuation). 

These results suggest that implicit artificial grammar learning has an inverse relationship 

with the traits that contribute to intelligence test scores. With respect to the two other 

variables investigated, intelligence was positively and significantly correlated with 

explicit artificial grammar learning, and unrelated to incidental learning of Samoan. In 

short, reliance on general learning abilities, as indexed by intelligence tests, may have 

deleterious effects on implicit, data-driven artificial grammar learning; positive effects on 

explicit, conceptually-driven artificial grammar learning; and no impact on learning a 

natural language grammar (Somoan), where semantic and conceptual information are 

critical. These results indicate a separation in testing outcomes based on whether learning 

is conceptually- or data-driven, as Robinson (2002b) suggests, but also may indicate the 

existence of separable systems for learning aspects of language.  

3.4.2.3 Summary  

Research suggests that intelligence is related to both aptitude and SLA in oblique 

ways. In the first study reviewed, it was observed that reasoning abilities are significantly 

correlated to inductive language learning ability and phonetic coding ability at a higher 

level in exploratory factor analysis (Sasaki, 1996). This second order factor of reasoning 

abilities was highly predictive of L2 proficiency. In Robinson (2002b, 2005), the 

relationship of intelligence to learning outcomes was shown to be mediated by learning 

conditions and semantic content. These results indicate either (a) different learning 

processes are mediated by a single system, or (b) separable learning processes are 

mediated by two systems. Thus, intelligence research has shed light on both test 
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interpretation and language learning processes, although the link between SLA theory 

and L2 aptitude is underdetermined based on this research.  

3.4.3 Aptitude Research and L2 Learning Conditions

The effects of different conditions of exposure on the rate and extent of L2 

development is sensitive to individual differences (Corno et al., 2002; Robinson, 2002a,

2005a, 2007; Sternberg, 2002). Overall, the MLAT has been shown to be predictive in 

both classroom and naturalistic settings (see reviews in Sawyer & Ranta, 2001; Skehan, 

1998). The robustness of aptitude testing has been probed in studies designed to 

specifically test the influences of exposure conditions. Robinson (1997, 2002b, 2005b) 

and DeGraaff (1997) are discussed below.

3.4.3.1 Robinson (1997) 

Robinson (1997) investigated the relationship between aptitude and learning 

conditions in order to test disparate claims about dual system processing in SLA theory.  

His aim was to investigate claims by Krashen (1981) and A. Reber (1989, 1993) that 

individual differences would be unrelated to unconscious learning under implicit and 

incidental learning conditions. Participants (N=104) of various Asian L1s (Japanese, 

Mandarin, and Korean), ages 19-34, were randomly assigned to one of four different 

learning conditions: 

 Implicit learning condition: Learners memorized word order without any explanation.

 Incidental learning condition: Learners read sentences in order to answer 

comprehension (yes/no) questions.

 Rule search condition: Learners discerned rules from sentence stimuli.
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 Instructed learning condition: Learners read explanations of rules, accompanied by a 

spoken explanation from the researcher. Moreover, they could consult a written 

explanation during training. 

The participants’ goal was to learn two different rules, one “easy” (e.g., optional subject-

verb inversion where adverbials of movement/location are fronted, as in Into the house 

ran John or Into the house John ran) and one “hard” (e.g., Psuedo-clefts of location as in, 

Where Mary and John live is in Chicago and not in New York). To assess individual 

differences, prior to commencing learning, all learners completed MLAT4 Words in 

Sentences (Grammatical Sensitivity) and MLAT5 Paired Associates (Rote Memory), as 

well as post-treatment measures of awareness (noticing, looking for rules, ability to 

generalize). Learning was assessed through an unspeeded grammaticality judgment task. 

Robinson (1997) found positive correlations between aptitude, awareness, and 

learning in three conditions (implicit, rule-search, and instructed conditions), but no 

relationship between aptitude and incidental learning. Thus, both MLAT subtests 

individually correlated with aspects of grammar learning in implicit, rule-search, and 

instructed learning conditions, with higher correlations for MLAT4 Words in Sentences 

(Grammatical Sensitivity) in the implicit condition, and higher correlations for MLAT5 

Paired Associates (Rote Memory) in the instructed condition. Robinson’s (1997) research 

thus indicates, contrary to Krashen (1981) and A. Reber (1989, 1993), that individual 

differences can influence learning in at least some implicit learning conditions (where 

declarative/rote memory is involved). However, aptitude was not predictive of successful 

grammar learning in meaning-based incidental learning (where comprehension is 

paramount). Some other measure is needed to identify individual differences in the 
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cognitive traits underlying this particular type of implicit learning ability, if individual 

differences are to be found. In short, this research suggests that the learning context 

impacts the degree to which aptitude correlates with L2 gains.

3.4.3.2 Robinson (2002b, 2005) 

Robinson (2002b, 2005b) addressed the predictive capacity of aptitude under 

different exposure conditions: implicit and explicit artificial language conditions and 

incidental learning of Samoan grammar. Fifty-four L1 Japanese university 

undergraduates enrolled in L2 English classes at a university in Tokyo participated in the 

study. Artificial grammar learning. LABJ scores correlated with immediate posttests of 

explicit artificial grammar learning. However, LABJ scores were not related to 

immediate posttests of implicit artificial grammar learning. These results suggest that 

aptitude is not predictive in contexts where implicit learning devoid of semantic context 

takes place. No additional posttests were administered for artificial grammar learning. 

Incidental learning of Samoan. The LABJ did not predict incidental learning of Samoan 

as measured by immediate and one-week delayed posttests, but did predict 6-month 

delayed posttest of guided production (r=0.56, p < .0.01). Robinson (2002b) proposes 

that aptitude may predict the ability to learn from continued exposure to Somoan over 

time. In sum, Robinson (2002b, 2005b) found a significant relationship between aptitude 

and (a) an immediate test of explicit artificial grammar learning, and (b) a 6-month 

delayed posttest of incidental Samoan learning. These findings suggest that different 

learning processes that are time dependent are tapped by aptitude tests, and/or the 

possibility that separate systems underlie explicit and implicit learning of grammar. He 
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concluded that when learning involves processing for meaning, aptitude is differentially 

predictive as a function of exposure conditions.

3.4.3.3 DeGraaff (1997) 

DeGraaff (1997) also varied exposure conditions and related outcomes to L2 

aptitude. He compared implicit and explicit learning of an artificial language, eXperanto, 

with composite aptitude scores based on Dutch versions of MLAT4 Words in Sentences, 

MLAT5 Paired Associates, and an assessment of the ability to infer meaning of 

eXperanto words from context in sentences. Participants were 56 L1 Dutch university 

undergraduates with 4 to 6 years of prior instruction in English, French, or German. For 

both conditions, learners were exposed to short dialogs with meaning comprehension 

activities, translations of the dialogs, translating vocabulary items within sentence 

contexts, comprehension activities involving making form-meaning connections, fill-in-

the-blank production activities, sentence-level production activities, and mandatory 

repetition of any incorrect materials at the end of each of the 10 learning modules. In 

addition, the explicit condition also included explanations of the grammar, while the 

implicit condition did not. His results suggest that aptitude was predictive in both 

learning conditions. MLAT4 Words in Sentences correlated with many of the proficiency 

measures, as did the measure of meaning inference; however, the MLAT5 did not 

correlate with learning eXperanto. DeGraaff (1997) concludes that aptitude is equally 

predictive in both implicit and explicit learning conditions. However, these results may 

be due to the high degree of similarity between the explicit and implicit instructional 

conditions. Even without explicit grammar instruction, it is possible that DeGraaf’s 

aptitude tests were highly compatible with the core isntruciton received by both groups. 
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Learners had ample opportunity to apply a range of cognitive skills during implicit 

learning activities that may have relied on meaning inference and Grammatical 

Sensitivity abilities.

3.4.3.4 Summary 

Research on exposure conditions has obtained mixed findings. On one hand, 

research by Robinson (1997, 2002b, 2005b) suggests that aptitude is sensitive to exposure 

conditions. Depending on learning context, different tests may tap the abilities predicted 

by aptitude (Robinson, 1997). In addition, Robinson’s (2002b, 2005) research suggests 

that exposure conditions, in conjunction with time of testing, must be considered in order 

to make valid conclusions about the underlying nature of language representation (see 

Robinson, 2002b, 2005b). On the other hand, research by DeGraaff (1997) suggests that 

aptitude is equally predictive in implicit and explicit learning conditions. However, it also 

may suggest that the tests he used were particularly appropriate for the instruction 

provided in his research. Given the mixed results, it is clear this is an area where further 

research would be beneficial.

3.4.4 Summary of Literature Review on L2 Aptitude Research

The latter part of Chapter 3 summarized relevant L2 aptitude research on the 

cognitive representation of SLA, the relationship of intelligence to SLA, and the 

influence of learning conditions on cognitive representation and SLA. In all cases, the 

cognitive underpinnings of L2 aptitude were difficult to link to just one theory of SLA. 

This state of affairs is due partly to reliance on the MLAT and related aptitude tests as a 

measure of cognitive abilities even though they do not specifically index various 

constructs posited to be important by the SLA theories described in Chapter 2. In 
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addition, several study designs contained intervening variables that undermined attempts 

to interpret them with respect to SLA theories. Aptitude measures were shown to index 

reasoning abilities, associative memory processes, and phonetic coding abilities, but were 

variably predictive of implicit and explicit learning of grammar. The picture that emerges 

indicates that when variation in exposure conditions is additionally considered, the study 

of L2 aptitude involves balancing multiple changing variables in a manner best described 

as Bayesian. The current state of research is progressing towards better construct 

definition, but numerous factors must be controlled in order to understand L2 aptitude 

with respect to SLA theory.

3.5 Summary of Chapter 3

The review of the aptitude research in Chapter 3 has highlighted a number of 

issues, some in great detail, that indicate an unsatisfactory connection between much of 

L2 aptitude research and SLA theory on the cognitive representation of L2. For example, 

the constructs determined by Carroll (1958) in many cases combine associative memory, 

analytical abilities, and grammar abilities, making it a challenge to apply these measures 

to understanding the cognitive representation of L2.  A review of relevant aptitude 

research indicates a strong role for associative memory, phonetic coding ability, and 

reasoning or analytical abilities, but provides no specific information on the role of 

procedural memory. No studies specifically compared aptitude, or cognitive abilities 

generally, to high-proficiency learning or ultimate attainment. The proposed study will 

address a subset of these issues in an attempt to better define how an L2 is represented 

from a cognitive neuroscience perspective. 
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CHAPTER 4: RESEARCH QUESTIONS, METHODOLOGY, AND MATERIALS

4.1 Overview of Research Design, Research Questions, and Hypotheses

4.1.1 Overview of Research Design

The current investigation was a component of a larger study of adult artificial 

language learning (Figure 1). Forty-five participants completed a battery of cognitive 

ability tests, typically in the first stage of data collection. In this stage, existing 

declarative and procedural knowledge (static abilities) and declarative and procedural 

learning capacity (dynamic abilities) were assessed. In addition, working memory, 

aptitude, intelligence (verbal and performance), semantic fluency, and processing speed 

were also assessed. In subsequent stages, participants learned the artificial language 

Brocanto2, which was based on Friederici, Steinhauer, & Pfiefer (2002), through either 

explicit or implicit instruction. L2 development was tracked over 36 (or more, for some) 

practice blocks. In addition, their L2 proficiency was assessed at two points during 

development: low and advanced proficiency, defined as 45% accuracy and 95% percent 

correct, respectively, on comprehension practice (see section 4.2.2.2 below for further 

information on proficiency benchmarks). The construct of L2 proficiency was 

operationalized as accuracy and neural representation for three target structures: 

agreement (morphosyntax), phrase structure (syntax), and verb argument (lexical aspect 

of grammar). Accuracy was assessed through grammaticality judgment tasks (GJT1 and 

GJT2), while neural representation was assessed using event-related potentials (ERPs). 

Through this design, it was possible to investigate the manner in which declarative and 

procedural memory contributed to L2 grammar at two different stages of development. 
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Figure 1. Stages of data collection. 

4.1.2 Research Questions and Hypotheses

The proposed research will investigate several aptitude predictions related to the 

claims of the declarative/procedural (DP) model (Ullman, 1997, 2001, 2005). The 

investigation considers one external factor, instructional methodology, and one internal 

factor, working memory ability, and then considers whether tests of declarative and 

procedural memory might augment current approaches to aptitude testing. The research 

questions are:

RQ1: Do tests of declarative memory predict low proficiency in L2 grammar 

following both explicit and implicit instruction?

RQ2a: Do tests of procedural memory predict advanced proficiency in L2 

grammar following both explicit and implicit instruction?

RQ2b: Can procedural memory task performance predict neurocognitive 

processing of L2 grammar?

RQ3: Do learners with less working memory capacity rely on procedural memory 

more for L2 than learners with more working memory capacity?

RQ4: Do learners with more working memory rely on declarative memory more 

for L2 than learners with less working memory capacity?

RQ5: Can measures of declarative memory augment L2 aptitude prediction (e.g.,

via the MLAT)?

Cognitive 
Test Battery

Training to Low 
Proficiency

GJT1, 
ERP1

Training to Advanced
Proficiency

GJT2, 
ERP2
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RQ6: Can measures of procedural memory augment L2 aptitude prediction (e.g., 

via the MLAT)?

The hypotheses for research questions 1-2, which pertain to declarative and 

procedural memory, use the DP model as a starting point. The DP model posits that the 

representation of L2 grammar changes over time as a result of proficiency/practice. For 

initial SLA, the DP model posits that L2 grammar is dependent on the declarative 

memory system. For advanced SLA, the DP model posits that L2 grammar depends on 

the procedural memory system. However, the DP model claims for L2 do not yet take 

into account prior research on explicit and implicit instruction. Prior research in 

nonlinguistic domains suggests that explicit instruction facilitates the involvement of 

declarative memory neural substrates, while implicit instruction facilitates the 

involvement of procedural memory neural substrates (Aizenstein et al., 2004; 

Eichenbaum & Cohen, 2001; Fletcher et al., 2005; Kathman et al., 2005; Poldrack et al., 

2001; Schendan et al., 2003). These findings motivated the hypotheses for the current 

study. However, the DP model claims do not overtly address the effects of individual 

differences in declarative and procedural memory on L2. Prior research suggests that 

individuals differ in their reliance on declarative and procedural memory as a result of 

differences in neural make-up (Eichenbaum & Cohen, 2001; Gilbert, 2005; Sirrien et al., 

2007; Ullman, 2005; Vakalopoulos, 2006). Considering these mediating influences in 

combination with the claims of the DP model, the following hypotheses are proposed for 

research questions 1-2:

H1: Tests of declarative memory should predict low proficiency in L2 grammar in 

both explicit and implicit instruction. However, declarative memory tests will be 
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more predictive for learners in the explicit condition and for learners with stronger 

declarative memory abilities.

H2a: Tests of procedural memory should predict advanced proficiency in L2 

grammar in both explicit and implicit instruction. However, procedural memory 

tests will be more predictive for learners in the implicit condition and learners 

with stronger procedural memory abilities.

H2b: Procedural memory task performance will predict neurocognitive processing 

of L2 grammar. However, it will be more predictive for learners in the implicit 

condition and learners with stronger procedural memory abilities.

If hypotheses 1-2 are supported, it will suggest that L2 grammar depends on two 

different memory systems as a function of proficiency/practice. In addition, the DP model 

claims related to L2 development will be expanded to take into account the effects of 

different modes of instruction and individual differences in learners’ memory abilities. 

Furthermore, a close concordance between behavioral and electrophysiological data 

could be reported. 

The hypotheses for research questions 3-4, which pertain to working memory, 

take the less-is-more hypothesis as a starting point (Newport, 1990). The less-is-more 

hypothesis posits that children are successful in acquiring an L1 because their more 

restricted working memory capacity serves as a filter that limits input. The question of 

why limited input might be desirable for language learning has been approached from 

two competing perspectives. On one hand, some emergentist perspectives  suggest that 

restricting input facilitates learning of grammatical structures in small units (Elman, 

1993; Kareev, Lieberman, & Lev, 1997). On the other hand, some cognitive neuroscience 
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research suggests that experimentally limiting working memory through the addition of a 

secondary task promotes reliance on procedural memory (Cochran & McDonald, 1992; 

Cochran, McDonald, & Parault, 1999; Foerde et al., 2006). Because the current 

investigation aims to investigate the claims of the DP model, the following hypotheses 

are proposed for research questions 3-4:

H3: Learners with less working memory capacity will rely on procedural memory 

more for L2 than learners with more working memory capacity. 

H4: Learners with more working memory capacity will rely on declarative 

memory more for L2 than learners with less  working memory capacity.

If hypotheses 3-4 are supported, then results will help explain conflicting findings 

in SLA research on the role of working memory capacity in SLA. Much research tends to 

focus on the advantage of larger working memory capacity in SLA, although at times, L2 

research has suggested that smaller working memory capacity (Ando et al., 1992; 

Mackey et al., 2002) or restricted input that does not tax working memory (Friederici et 

al., 2002) may be an advantage in SLA (see section 2.3.2 above). 

The hypotheses for research questions 5-6, which pertain to L2 aptitude testing, 

again stem from the claims of the DP model. Current tests of L2 aptitude, such as the 

MLAT, are best suited for predicting initial through intermediate proficiency (Carroll, 

1963; Kenyon & MacGregor, 2002), and perhaps only through explicit instruction 

(Robinson, 2002a; Skehan, 1998). Moreover, they appear to be only marginally related to 

neurocognitive and linguistic theories of SLA (Miyake & Friedman, 1998; Robinson, 

2002a; Skehan, 2002). The current investigation included measures of declarative and 

procedural memory that have not yet been investigated in the context of L2 aptitude. 
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Therefore, these measures, which were chosen based on theoretical grounds, may 

potentially supplement current approaches to aptitude testing, possibly predicting L2 

development in a wider range of contexts levels of proficiency. Based on the claims of 

the DP model, the following hypotheses are proposed:

H5a: Measures of declarative memory will augment L2 aptitude prediction (e.g., 

via the MLAT) by predicting low proficiency in L2 grammar. 

H5b: The predictive capacity of declarative memory will be stronger where 

learning depends on explicit instruction. 

H6a: Measures of procedural memory will augment L2 aptitude prediction (e.g., 

via the MLAT) by predicting advanced proficiency in L2 grammar. 

H6b: The predictive capacity of procedural memory will be stronger where 

learning depends on implicit instruction.

If hypotheses 5-6 are supported, it suggests that current approaches to aptitude 

testing may be improved through inclusion of measures of declarative and procedural 

memory. This would further the initiative to link aptitude theory to neurocognitive and 

linguistic theory.

4.2 Method

4.2.1 Participants

Forty-five right-handed native English speakers participated in the study (ages 18-

38; average age 24; 20 males). They completed detailed surveys on their neurological, 

psychiatric, medical, and language learning background. More than 45 people sought to 

participate in the study; however, only those who indicated they had very limited prior 

exposure to Romance languages (less than one year in college and less than three years 
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total; no exposure for at least two years prior to the study; and never immersed in a 

Romance language environment for more than two weeks), and no history of 

neurological, psychiatric, or medical disorders known to impact memory or language 

were selected to participate. Of the 45 participants who began the study, 31 completed the 

study (ages 18-37; average age 23; 17 males, 14 females). Of these, two failed to obtain 

total scores above 0.55 on the grammaticality judgment task at advanced proficiency, and 

were eliminated because it was unclear whether they had attained advanced proficiency. 

Participants were part of a large-scale study, some of which has been reported in Morgan-

Short (2007). All participants gave informed consent. They were paid US$10.00/hour for 

behavioral testing and US$15/hour for electrophysiological testing. 

4.2.2 Materials

4.2.2.1 Independent Variables 

In line with the methodology of previous aptitude research, a battery of tests was 

administered to assess declarative and procedural knowledge and learning abilities, 

working memory, aptitude, and intelligence. The battery of assessments used in the 

current investigation indexed the following abilities: existing declarative and procedural 

verbal knowledge, declarative and procedural verbal learning, declarative and procedural 

nonverbal learning, working memory, Phonemic Coding Ability (+Verbal Knowledge), 

Grammatical Sensitivity, Rote Memory, composite aptitude, verbal intelligence, 

performance intelligence, composite intelligence, semantic fluency, and processing 

speed. In Table 9, assessments used in the current investigation are grouped in the 

manner in which they are interpreted in analyses. Immediately following Table 9, the 

assessments are described in detail.
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Table 9. Assessments Used as Independent Variables.
Memory System Assessment

Artificial Grammar Task, High Frequency Subtest

California Verbal Learning Test II Total Score

Declarative Memory

Continuous Visual Memory Task

Artificial Grammar Task, Low Frequency SubtestProcedural Memory

Weather Prediction Task, Block 8

Digit Symbol Task

Animals Verbal Fluency Task

FAS Verbal Fluency Task

Kitchen Verbal Fluency Task

California Verbal Learning Test II, Trial 1 Score

Nonword Repetition Task

Working Memory

Sentence Repetition Task

MLAT3 Spelling Clues

MLAT4 Words in Sentences

MLAT5 Paired Associates

MLAT Total

Kaufman Brief Intelligence Test 2, Nonverbal Intelligence

Kaufman Brief Intelligence Test 2, Verbal Intelligence

Aptitude and 

Intelligence

Kaufman Brief Intelligence Test 2, Composite Score

4.2.2.1.1 Measures of declarative and procedural learning. Assessments of 

participants’ abilities to learn via declarative and procedural memory were administered. 
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The tests reported in this investigation included both verbal and nonverbal learning 

domains. This allowed an examination of the extent to which L2 abilities are domain-

specific to language or domain general. Four tasks are described next. The first two are 

standardized test that index declarative learning: the California Verbal Learning Test – II 

and the Continuous Visual Memory Test. The second two are experimental tasks that 

index procedural learning: the balanced chunk artificial grammar and the weather 

prediction task. 

(A) The California Verbal Learning Test-II (CVLT-II). The California Verbal 

Learning Test-II (CVLT-II) indexes working memory, verbal learning, verbal memory, 

semantic clustering, and serial clustering (Delis, Kramer, Kaplan, & Ober, 2000), and 

was used to assess verbal learning subserved by declarative memory. There are eight 

subtasks: immediate free recall of List A, immediate free recall of List B, short delay free 

recall of List A, short delay cued recall of List A, long delay free recall of List A, long 

delay cued recall of List A, long delay yes/no recognition, and long delay forced choice 

recognition. Only the first seven tasks were used in the aptitude study, because the final 

task, long delay forced choice recognition, does not discriminate nonimpaired adults very 

effectively (Delis, Kramer, Kaplan, & Ober, 2000). First, a trained experimenter (the 

researcher) read a 16-item list of words to participants. The words on the list were 

divided equally into four semantic categories: animals, vegetables, ways of traveling, and 

furniture, and were matched for mean frequency and length. After hearing the list, 

participants recalled as many words as possible, in any order. This task was performed 

five consecutive times (immediate free recall of List A task, Trials I-V). Next, as 

interference, the researcher read List B, which consisted of 16 words that were divided 
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equally into four semantic categories: animals, vegetables, musical instruments, and 

places in a house, and matched for mean frequency and length. As with the previous list, 

participants recalled as many words from List B as possible (immediate free recall of List 

B task; Trial VI). Immediately after the List B task, the researcher asked participants to 

again recall List A (short delay free recall task; Trial VII). Next, participants were asked 

to recall words from List A within each semantic category (short delay cued recall task; 

Trial VIII). After a 20 minute delay, participants were again asked to recall as many 

words as possible from List A (long delay free recall task; Trial IX). Next, participants 

were again asked to recall words from List A from each semantic category (long delay 

cued recall; Trial X). Lastly, the researcher read a list containing words from List A, List 

B, and additional distractors. Participants indicate whether the word appeared in List A 

(yes) or not (no; long delay yes/no recognition task). 

Responses recorded by the experimenter were entered into an Excel spreadsheet. 

A second coder then listened to digital recordings of the task, and entered the 

participants’ responses on a second worksheet. Coding for accuracy was performed 

automatically in an Excel spreadsheet using macros developed in visual basic by the 

researcher. Discrepancies between the two answer sheets were identified through Excel 

formulas developed by the researcher. The coding sheet could not generate final scores 

until all discrepancies were resolved by a third coder. The third coder, usually the 

researcher, resolved discrepancies by listening to recordings of the test session. The total 

score for Trials I-V, immediate delay free recall score, and long delay free recall score 

were considered in the current investigation.
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Research using the first version of the CVLT discriminates individuals according 

to declarative memory abilities. Individuals with impaired declarative memory perform 

poorly on the CVLT, while individuals without impaired memory display a range of 

scores related to individual differences (Lezak, 1995). Research on participants with 

impairments has linked CVLT performance to the availability of declarative memory 

neural substrates (Alzheimer’s Disease (AD): Fox et al., 1998; temporal lobectomy: 

Herman et al., 1992). In addition, diminished hippocampal volume is associated with 

poorer performance on the CVLT (Deweer et al., 1995; Libon et al., 1998). Research on 

individuals without impairments suggests that females relative to males obtain higher 

scores (Lezak, 1995). Findings from previous research thus suggest that CVLT-II scores 

tap into abilities tied to the declarative system, and that these scores are sensitive to 

individual differences.

(B) The Continuous Visual Memory Test (CVMT). The Continuous Visual 

Memory Test (CVMT) assesses nonverbal declarative learning through a visual 

recognition paradigm (Trahan & Larrabee, 1988; Figure 2). The CVMT has four 

components: practice, acquisition task, delayed recognition task, and visual 

discrimination task. In the acquisition task, participants view a series of complex abstract 

designs that were constructed to minimize the potential for the use of verbal strategies or 

knowledge (sample practice images are shown in Figure 2; the actual learning items were 

more complex). 



Figure 2. Sample CVMT designs.

Participants are assessed on their ability to recognize seven of the designs (the 

target items), which are each repeated seven times (49 trials) throughout the task in 

random but fixed order. The remaining designs are distractors (63 trials) that appear only 

once. The CVMT was presented on a computer and programmed in E-Prime v2.0. Upon 

viewing a design, participants stated whether they thought they had seen the image before 

in the series (old) or if they thought it is a new image (new). To further minimize verbal 

encoding, each design was displayed for only two seconds. The researcher wrote 

participants’ responses on answer sheets. After participants completed the acquisition 

task, there was a 30-minute delay. Then participants completed a delayed recognition task 

where they identified each target design situated in an array with visually similar 

distractors. As a control measure, participants performed a visual discrimination task 
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after the delayed recognition task. A first coder (usually the researcher) entered 

participants’ responses into a first coding worksheet in Excel. Then, a second coder 

entered participants’ responses on a second coding sheet. Correct responses were tallied 

in an Excel spreadsheet using formulas programmed by the researcher. 

D-prime scores for the acquisition task are used in the current analysis. When 

participants respond to an item in the CVMT, they have the choice of saying either “old” 

or “new.” It is possible that they may have a tendency to say “old” or “new” without 

actually attending to the stimuli, such as by guessing. To calculate d-prime scores for the 

CVMT, the z-score for the number of old items that are incorrectly labeled as new (false 

alarms) is subtracted from the z-score for the number of new items that are correctly 

labeled as new (hits). Z-score values for hits and false alarms are provided on the CVMT 

scoring sheet to facilitate calculations.

Previous research indicates that performance on the CVMT is sensitive to a wide 

range of impairments involving declarative memory, such as Alzheimer’s disease (Paolo, 

Tröster, & Ryan, 1998; Trahan & Larrabee, 1988, Trahan, Larrabee, Fritzsche, & Curtiss, 

1996). In addition, neuroimaging studies of a similar task have linked CVMT 

performance to medial temporal lobe structures and declarative memory (Maki & 

Resnick, 2000; Maki, Zonderman, & Resnick, 2001). Thus, research indicates CVMT 

scores depend on declarative memory processes. 

(C) The Balanced Chunk Strength Artificial Grammar (AG). The Balanced Chunk 

Strength Artificial Grammar (AG) learning task assesses nonconscious grammar learning

(Chang & Knowlton, 2004; Knowlton & Squire, 1996; Lieberman, Chang, Chiao, 

Bookheimer, & Knowlton, 2004). The grammar is an underlying pattern for several 
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sequences of letters based on a finite-state Markovian rule system, which produces a rule-

based grammar that is probabilistic but not hierarchical (Lieberman, et al., 2004). Several 

previous studies have used the balanced chunk strength stimuli that were used in the 

current study (Chang & Knowlton, 2004; Knowlton & Squire, 1996; Lieberman, et al., 

2004; Robinson, 2002, 2005b; Appendix A). The task has two phases, (a) training and (b) 

transfer task. During training, participants are not told that the strings obey a set of 

grammar rules. Following training, participants complete the transfer task, which is a 

grammaticality judgment test, to assess whether they can apply the rules to novel stimuli, 

only half of which are grammatical. 

The balanced chunk AG is unique because grammatical and ungrammatical items 

are further classified by the frequency of the letter bigrams and trigrams that they contain.

This step allows one to score results as two subtests, (a) high-frequency items and (b) 

low-frequency items. The high-frequency items contain clusters of 2-3 letters embedded 

in the longer sequence that are appear frequently throughout training (high-frequency 

chunks). High-frequency chunks are potentially memorized as chunks through frequency-

based associative processes (see section 1.2.1.1), allowing participants to sidestep 

implicit rule-learning processes, and instead rely on knowledge of exemplars, on the 

transfer task (Squire & Knowlton, 1996). In contrast, low-frequency items contain 

clusters of letters that appear infrequently in the stimuli (low-frequency chunks). The 

ability to make accurate judgments on low-frequency chunks may reflect accurate 

application of underlying rules, so accuracy on low-frequency test items is taken to 

reflect non-conscious rule-learning processes (Squire & Knowlton, 1996). The inclusion 

of a balanced quantity of low and high frequency items appears to function as expected. 
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In behavioral research on balanced chunk AG, participants appear to be “fooled” into 

accepting ungrammatical strings that contain high frequency chunks learned during 

training. In contrast, they are more accurate in rejecting ungrammatical items that contain 

low frequency sequences (Robinson, 2005; Squire & Knowlton, 1996).   

The design of the task used in the current investigation followed that of Chang 

and Knowlton (2004), which controlled for visual memory in addition to the balanced-

chunk strength stimuli. In the current study, participants received two blocks of training

delivered on PowerPoint slides designed by the researcher. In block one, the 23 training 

strings were displayed in Times Roman uppercase 24 point bold font (Figure 3) and 

presented in a random, but fixed, order. Randomization of items was facilitated using a 

random number generator available online (http://www.brookes.ac.uk/cgi-

bin/social/psych/order.pl). Each string was displayed for three seconds, and then 

automatically replaced by a new slide that prompted the participant to write down the 

string. The researcher monitored the participants’ answers. When a participant made an 

error, the string was presented again, up to two times. In block two, the same 23 strings 

were presented again in the same order, following the same procedure. After completing 

training, participants were informed that the letter strings followed a set of grammar 

rules, but were not told what those rules were. 



Following training, participants completed the transfer task, which was 

programmed in E-Prime v2.0 by the researcher and a research assistant. Participants 

entered judgments of correct and incorrect through the keyboard. To reduce the 

contribution of memory for visual surface features, the test items were displayed in 

Chancery lowercase 24 point bold font (Figure 4) instead of Times New Roman 

uppercase font (Figure 3; Chang & Knowlton, 2004). This change in font characteristics

appears to reduce access to chunk-based visual processes without reducing access to rule-

application-based judgments (Chang & Knowlton, 2004).

Figure 3. Training item in Times New Roman uppercase font. 

Figure 4. Transfer task item in Pali Chancery lowercase font. 

The transfer task items were divided into four bins: grammatical high frequency, 

nongrammatical high frequency, grammatical low frequency, nongrammatical low 

frequency. As with the training items,  initial randomization was determined using the 

online random number generator available online (http://www.brookes.ac.uk/cgi-

bin/social/psych/order.pl). Items were presented in pseudo-random, but fixed order, 

because true random order led to consecutive presentation of multiple low chunk strength 

ungrammatical items.
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Participants’ transfer task responses were extracted from E-Prime v2.0 text files 

using a macro programmed in visual basic by a research assistant. Scores were generated 

for the four frequency bins based on accuracy. In addition, d-prime scores were 

calculated as a measure of individual response bias. D-prime scores were calculated as 

follows (http://www.linguistics.ucla.edu/faciliti/facilities/statistics/dprime.htm; accessed 

04/18/2008; Wickens, 2002). First, the proportion of responses for "grammatical" items 

that were hits (hits/(hits + misses)) and the proportion of responses for "ungrammatical" 

items that were false alarms (false alarms/(false alarms + correct rejections))  was 

determined. Hits are grammatical items that were correctly identified, whereas misses are 

grammatical items that were misidentified as ungrammatical; false alarms are 

nongrammatical items that were misidentified as grammatical, while correct rejections 

are nongrammatical items that were correctly identified as nongrammatical. Second, the 

proportions for false alarms and hits underwent z-transformation using the NORMSINV 

function in Excel. Third, the z-values for false alarms were subtracted from the z value 

for hits, yielding the d-prime score: d-prime=z(hits) - z(false alarms). 

Research on the balanced chunk AG that has included experimental manipulations 

and neuroimaging supports the claim that it distinguishes between implicit chunking and 

rule-application processes. In behavioral research, participants who engaged in a 

secondary task that diverted attentional processes during the transfer task exhibited 

declines in performance on the high but not low frequency chunk items (Chang & 

Knowlton, 2004). Likewise, preventing participants from using visual surface features by 

changing the font and case of stimuli has also been associated with decreased 

performance on high but not low frequency bins (Chang & Knowlton, 2004). Both of 



117

these experimental manipulations suggest that different cognitive processes underlie 

learning of high and low frequency sequences. Additional evidence from fMRI research 

suggests that performance on high frequency items depends on medial-temporal lobe 

declarative memory structures, while the low frequency stimuli instead depend on the 

caudate nucleus, a structure involved in procedural memory (Lieberman et al., 2004). 

Based on this prior research, the balanced chunk AG was used as to index of procedural 

memory. 

 (D) The Weather Prediction Task. A dual-task version of the Weather Prediction 

Task (WPT; Foerde, Knowlton, & Poldrack, 2006) served as an index of procedural 

memory. The WPT was developed in E-Prime v2.0 for computer-based administration. 

Written instructions were presented on the monitor and simultaneously read aloud by the 

experimenter. Each of the 320 trials (divided into eight blocks) began with the 

presentation of an array of one to three “tarot cards” selected from the complete set of 

four cards (3 seconds; Figure 5). The number and arrangement of cards was pseudo-

randomly determined but fixed across participants—no outcome (i.e., sun or rain) could 

occur more than four times in a row. Participants indicated whether they believed the 

array predicted sun or rain by pressing keys on the keyboard (i.e., they thus classified the 

cue[s]). Different combinations of cues were associated with different probabilities for 

sun/rain (Appendix B). After each classification, the correct answer was provided 

visually (a sun or rain image). Accuracy was expected to increase and reaction time was 

expected to decrease as participants learned the probabilistic outcomes underlying 

weather prediction. 
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Figure 5. Cards used in the Weather Prediction Task.

To encourage reliance on the procedural memory system in task performance and 

reduce the development of explicit knowledge of cue probabilities, learners engaged in a 

concurrent tone-counting task while predicting the weather (Foerde et al., 2006). 

Therefore, each three-second trial was divided into 12 intervals of 250 ms, and one to 

three tones were presented during intervals three through 10 in random but fixed order 

across participants. In addition, tone pitch (either 1000 Hz or 500 Hz) was also randomly 

selected and then presented in fixed order. Participants were told to count the number of 

high tones during each trial, and to keep a running total that they would report at the end 

of each block. After completing the eight training blocks, participants completed a ninth 

block consisting of 40 probe trials that assessed classification learning in the absence of 

tones. 

Weather classification was probabilistic (Appendix B). For example, out of 100 

trials, Card 1 was associated with sun on 24% of the trials in which it appears; Card 2, 

sun=42%; Card 3=sun 58%; and Card 4, sun=76%. To control any influence of the 

images on classification judgments, two versions of the task were used, maintaining the 

same underlying computational properties, but reversing cue probabilities for each card. 

Responses were considered accurate if they matched the outcome with the highest 

probability. Thus, the correct answer for a stimulus array that predicts sun 75 percent of 

the time is sun, regardless of the 25 percent of the time that the array predicts rain (e.g., 
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Foerde et al., 2006; Hopkins et al., 2004, p. 530). For data analyses, 282 of 320 total trials 

with stimulus arrays with probabilities greater than or less than 50% were scored. Failure 

to respond was counted as incorrect. To assess explicit knowledge of the probabilities, 

after the ninth block, participants completed a computer-based questionnaire (e.g., Gluck 

et al., 2002; Knowlton et al., 1994; Eldridge et al., 2002; Reber et al., 1996; Sage et al., 

2003; etc.). For the current study, the percentage correct (accuracy) for block 8 (WPT8) 

served as an index of procedural memory.

Prior research using the WPT suggests that learning depends on the caudate and 

putamen, two structures subserving procedural memory. fMRI research indicates that for 

individuals without impairments, bilateral caudate/putamen activation increases 

throughout task performance, while activation in the medial temporal lobe, which 

subserves declarative memory, decreases in a time/practice/learning-dependent manner 

(Aron et al., 2004; Moody et al., 2004; Poldrack & colleagues, 1999, 2001). As such, the 

neural response to learning on this task closely mirrors that proposed for L2 grammar in 

the DP model. 

Prior behavioral research indicates the WPT is sensitive to individual differences 

and impairments of procedural memory. First, individuals without impairments display 

individual differences in learning rates and classification strategies (Hopkins et al., 2004; 

Shohamy et al., 2004). Second, individuals with basal ganglia dysfunction demonstrate 

impaired learning, atypical neural activation, or suboptimal strategic competence. Some

research indicates basal ganglia patients are highly impaired during the first 50 trials 

(Parkinson’s disease: Knowlton et al., 1996; Huntington’s disease: Knowlton, Squire, et 

al., 1996) although more recent research on individuals with Parkinson’s disease has not 
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found the same pattern of impairment (Moody et al., 2004; Sage et al., 2005; Shohamy et 

al., 2004). Nevertheless, it has suggested that participants with PD may rely on atypical 

neural substrates (e.g., medial temporal lobe, frontal regions) (Moody et al., 2004) and/or 

may rely on a sub-optimal classification strategy (Shohamy et al., 2004), and/or may be 

impaired at making judgments using cues with weak probabilities (Sage et al., 2003). 

Third, individuals with Tourette’s syndrome, which is subserved by procedural memory 

substrates, display slower reaction times and lower accuracy compared to age-matched 

controls (Marsh et al, 2004).  Taken together, several sources of evidence indicate that 

performance on the WPT is linked to procedural memory capacity.

Although the WPT is classified as an assessment of procedural learning in the 

current investigation, it is important to note that research also indicates that, like the DP 

model’s claims about L2, learning to predict the weather also depends on declarative 

memory to some extent. In research on individuals without impairments, initial 

performance typically is associated with neural activation in the medial temporal lobe, a 

region that subserves declarative memory (Poldrack & colleagues, 1999, 2001; Seger& 

Cincotta, 2005b). This initial engagement of declarative memory may be important for 

advancing to poceduralized performance. Research suggests that individuals with medial 

temporal lobe dysfunction, which impairs declarative memory, are unable to improve as 

training continues (Alzheimer’s disease: Eldridge et al., 2002; amnesia: Knowlton & 

colleagues, 1994, 1996; Reber et al., 1996; hypoxia: Hopkins et al., 2004; Meeter et al., 

2006). This suggests either that declarative memory is important later in learning 

(Knowlton et al., 1994; Poldrack et al., 2001) or that initial declarative learning is 

important for advanced procedural learning (Meeter et al, 2006; also see DeKeyser, 
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2007). WPT dependence on declarative memory will be explored through correlation in 

the Results chapter.

One additional consideration is that in a dual task version of any task, 

performance outcomes are likely related to working memory capacity. Support for this 

assertion is readily found in working memory research, where higher accuracy on dual 

tasks is taken to reflect larger working memory capacity (e.g., span tasks with concurrent 

processing tasks; Daneman & Carpenter, 1980). Likewise, on the dual task WPT, higher 

accuracy may be due, to some degree, to higher working memory capacity. This is 

potentially problematic for the research design of the current study. One could argue that 

the dual task WPT is simply a test of working memory, and if it is related to L2 

outcomes, it reflects working memory and possibly, does not reflect procedural memory 

ability. Continuing along this line of reasoning, if higher working memory capacity 

augments declarative learning, as has been suggested above, and declarative learning is 

important to successfully advancing in procedural learning, as evidence suggests, then it 

is possible that dual task WPT performance scores are more strongly influenced by the 

interaction of working memory and declarative memory than desired. To determine how 

to extract a score that most strongly reflects procedural memory learning ability, the 

relationship between working memory and the WPT will be explored in the results 

chapter. 

4.2.2.1.2 Measures of aspects of working memory. Working memory was assessed 

in multiple ways. The CVLT-II (see above) Trial I assessed word list recall of familiar L1 

words (i.e., a span task). However, simple recall tasks have not proven to be sensitive 

measures of working memory for predicting L2 proficiency (Carroll, 1962). Thus, two 
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working memory measures that research suggests are sensitive to grammar-related 

deficits and procedural memory dysfunction were administered: nonword repetition and 

sentence repetition. In addition phonological rehearsal, other subroutines of working 

memory were administered. A processing speed task, Digit Symbol, was administered to 

index attentional subroutines of working memory. In addition, three different verbal 

fluency tasks were administered as indices of semantic retrieval processes.

(E) The Nonword Repetition Task. The Nonword Repetition Task is a measure of 

working memory for semantically-null word-length phoneme strings (i.e., nonwords; 

Dollaghan and Campbell, 1998). There are four groups of nonwords, grouped by the 

number of syllables (one to four syllables). The nonwords were Englishlike in structure 

and could be pronounced by native English speakers (Dollaghan and Campbell, 1998). 

The structure of one-syllable words is consonant-vowel-consonant (CVC), while the 

structure of two-, three-, and four-syllable words is consonant-vowel structure for initial 

syllables (CV), and consonant-vowel-consonant for the final syllable (CVC). Examples 

of nonwords are: one-syllable, naib; two-syllable, te-vok; three-syllable, te-voi-tSaig; and 

four-syllable, nai- tSoi-tau-vub (note: transcribed according to the Speech Assessment 

Methods Phonetic Alphabet [SAMPA]; Appendix C). In the current investigation, items

were presented auditorily via a digital recording. Participants repeated each nonword 

after hearing it. The researcher recorded responses and transcribed them on an answer 

sheet. Responses were then transcribed in an Excel worksheet answer sheet designed by 

the researcher. A second coder transcribed the responses a second time by listening to the 

recordings. Discrepancies were detected using a macro developed in visual basic by a 

research assistant. Discrepancies were resolved by having a third coder, usually the 
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researcher, and sometimes a fourth coder, a research assistant, listen to the recording. 

Five scores were generated for each participant: accuracy for each syllable group (1 to 4) 

and overall accuracy. The scores from the four-syllable subtest will be described in the 

results section because they were the most complicated items, and therefore discriminated 

among participants better. 

Evidence suggests that nonword repetition tasks are sensitive measures of 

working memory capacity. fMRI research has shown increased activation in inferior 

frontal correlates during performance on this task (Kim et al., 2006). ERP research 

indicates that individuals with Obsessive Compulsive Disorder (related to dysfunction of 

the basal ganglia, which subserve procedural memory) fail to exhibit an increased 

positivity from 200-500 ms that is shown in individuals without impairments (Kim et al., 

2006). In research on children with reading disabilities, the ability to repeat nonwords is 

impaired (e.g., Dollaghan and Campbell, 1998; Gathercole, 1995). In SLA research, the 

ability to repeat a brief list of nonwords in an informal prognostic interview was 

predictive in intensive, short term learning contexts (Carroll, 1962). 

(F) The (TOAL-3) Sentence Repetition Task. The Test of Adult Language-3 

(TOAL-3) Sentence Repetition Task assesses memory for English sentences of 

progressively increasing length, semantic content, and syntactic complexity (Hammill, 

Brown, Larsen, & Wiederholt, 1994). All sentences are correct, that is, no violation 

sentences are presented, as is otherwise the case in some elicited imitation tasks. In the 

current investigation, the 30 sentences were pre-recorded and auditorily presented in

PowerPoint slides developed by the researcher. After hearing each sentence, participants 

were instructed to repeat it verbatim. In accordance with the TOAL-3 tester manual 
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(Hammill et al., 1994), to score “1” on a sentence, participants could not produce any 

errors. Sentences with errors were scored as “0.” Final scores were the number of correct 

items. 

Research on the sentence repetition task indicates that this measure discriminates 

individuals without impairments while it is also sensitive to grammatical impairments. 

ERP research on individuals without impairments suggests that higher scores on this task 

may be associated with faster lexical access, differences in post-lexical processes, and 

reduced reliance on contextual information in sentence processing (Weber-Fox, Davis, & 

Cuadrado, 2003). Research on individuals with developmental disorders strongly 

suggests that grammatically-impaired populations display lower accuracy in sentence 

repetition (Stokes et al., 2006; Ullman & Pierpont, 2004).

(G) The WAIS-R Digit Symbol task. The Wechsler Adult Intelligence Scale-

Revised (WAIS-R) Digit Symbol task is a measure of complex attention, a component of 

working memory (Flanagan et al., 2000; Wechsler, 1981). It involves sustained, selective 

attention, response speed, and visuomotor coordination (Lezak, 1995). Digit Symbol is a 

speeded task that requires participants to draw line-drawn symbols in blank squares.

There are four rows with 25 blank squares each for drawing the symbols (100 total). 

Above each blank box is a number between 1 and 9. These are randomly sequenced, and 

each number corresponds with one of the line drawings in the key at the top of the answer 

sheet. In the current investigation, the researcher read instructions to the participants then

asked them to complete a practice block (the first seven squares). The researchers 

checked the participants’ responses to ensure they understood the task demands. Once it 

was clear that participants understood the task, they were asked to fill in as many 
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remaining squares as possible in 90 seconds. They were timed using a backward counting 

stopwatch. Participants’ responses were scored using nine cutout-style score sheets. To 

make cutout score sheets, the grid of 100 blank boxes was copied onto nine blank sheets 

of paper. To score the items involving the first line drawing, each box on the first grid

labeled “1” was cut out with an X-acto knife. The same process was repeated for items 

two through nine using the remaining copies of the answer grid. The answer sheets were 

checked for accuracy by a research assistant and the experimenter. Once ready, the cutout 

answer sheets were placed, one at a time, on top of each participant’s answer sheet. 

Errors and omissions were readily visible in the cutout “windows.”  These were tallied 

and noted on the participants’ answer sheets. All responses were double-coded. For each 

participant, one final score for accuracy was generated as the number of correct drawings

divided by 100.

Processing speed tasks such as the Digit Symbol task differentiate participants 

based on psychomotor abilities (Lezak, 1995), which may be related to atypical 

procedural system functioning in some learners (e.g., Moffa et al, 2005; Ullman, 2004). 

In terms of indexing population differences, the speeded test is sensitive to age-related 

decline beginning in the 30s, gender differences (with an advantage for females), and 

minimal levels of brain damage (Lezak, 1995). Task performance apparently draws from 

a number of cognitive subroutines, as it is sensitive to performance decrements in both 

participants with Huntington’s disease (procedural system; Strauss & Brandt, 1986) and 

cognitive impairment resulting form chronic alcoholism (declarative system; Miller & 

Saucedo, 1983). 



126

Prior research on processing speed in SLA indicates that this ability may be 

negatively related to short –term L2 gains (Carroll, 1958). However, in more recent 

aptitude literature, it has been proposed that processing speed may subserve the ability to 

learn languages under implicit or incidental learning conditions, particularly with respect 

to those attentional processes exercised by the immediate, online pressures of learning 

through interaction (Robinson, 2001, 2002a, 2004). Given that processing speed has not 

been examined in multiple L2 learning contexts and the Digit Symbol test is sensitive to a 

number of individual differences, it will be further investigated here with respect to 

declarative and procedural abilities.

(H) Verbal Fluency tasks. Verbal fluency tasks assess the ability to retrieve words 

from a particular category within a limited time frame. Two types of verbal fluency tests 

were administered: semantic fluency (Animals, Things You Use in the Kitchen) and 

phonemic fluency (FAS). Semantic fluency performance may depend on (at least) four 

cognitive subroutines: spreading activation after the initial cue, monitoring output, 

suppressing information already retrieved, and generating new cues to retrieve more 

words (Rosen & Engle, 1997). For semantic fluency, monitoring and suppression 

activities may substantially depend on attentional processes and resources (Strauss et al., 

2006), while retrieval and cue generation may be more passive processes (Azuma, 2004). 

Like semantic fluency, phonemic fluency performance may depend on monitoring output, 

suppressing information already retrieved, and generating new cues to retrieve more 

words; however, the retrieval process may require attentional resources, limiting the 

availability of attention for monitoring and suppressing activities (Azuma, 2004). 

Phonemic fluency performance has loaded onto the same factor as Digit Symbol 
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performance, suggesting processing speed is related to task performance (Boone et al., 

1998). 

The current investigation used two tests of semantic fluency (Animals, Things 

You Use in the Kitchen) and one test of phonemic fluency (FAS; examples in Figure 6). 

For Animals, participants were prompted to list as many animals as possible in one 

minute (e.g., cat, dog). For Things You Use in the Kitchen, participants were prompted to 

list as many things used in the kitchen as possible in one minute (e.g., pan, spatula). For 

the FAS task, participants were given one minute to list as many words as possible that 

begin with F, then one minute to list as many words as possible that begin with A, and 

then one minute to list as many words as possible that begin with S. Words that did not 

belong to the category, repetitions, nonwords, foreign words, and proper names were 

excluded. All remaining words were tallied to generate scores for each of the tasks. The 

FAS task score is based on tallies from all three letters. 
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Figure 6. Sample score sheet with transcription of answers provided by a participant.

Research on verbal fluency tasks indicates that they are sensitive to individual 

differences and subtly tap differences important for the declarative/procedural distinction. 

In particular, aging may affect the scores on semantic fluency measures, while gender 

may affect scores on the FAS test (in favor of women; Strauss et al., 2006). Positron 

emission topography (PET) research indicates that task performance for both semantic 

and phonemic fluency is associated with activation of regions associated with attention 

and working memory (anterior cingulate, left prefrontal regions, thalamus, and 

cerebellum; Gourovitch et al., 2000). Phonemic fluency may tend to rely on left frontal 

regions somewhat more than semantic fluency, which may tend to rely more on temporal 

lobe resources (Gourovitch et al., 2000; Henry & Crawford, 2004a, 2004b). Impairments 

of frontal regions tend to affect performance on both semantic and phonemic fluency 
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tasks, while impairments associated with temporal lobe dysfunction (e.g., Alzheimer’s 

disease) may affect performance on semantic fluency task relatively more (Strauss et al., 

2006). In sum, research on verbal fluency tasks indicates they index attentional processes, 

and moreover, the semantic fluency task may be somewhat more related to retrieval of 

temporal-lobe based knowledge (declarative memory) and the phonemic fluency task 

may be somewhat more related to retrieval of frontal-lobe based knowledge (procedural 

memory). 

4.2.2.1.3 Measures of aptitude and intelligence. Standardized aptitude and 

intelligence tests were administered as comparison measures: the MLAT and the 

Kaufman Brief Intelligence Test, 2nd edition.  

(I) The MLAT Short Form. The MLAT Short Form (Carroll & Sapon, 1959) is a 

shorter version of  the MLAT (see sections 3.1 through 3.3 above), which is the 

standardized L2 aptitude test that is the benchmark for validating any new measure of L2 

aptitude (e.g., Parry & Stansfield, 1990). The short form consists of three subtests. The 

first, MLAT3 Spelling Clues, assesses Phonetic Coding Ability and a rarely-discussed 

construct related to associative memory, Verbal Learning (see Carroll, 1958; 50 items; 5 

minutes, speeded). In this subtest, examinees read words that are spelled as they are 

pronounced, then find a semantically associated word in a list, as in the following 

example:

luv

A. carry
B. exist
C. affection
D. wash
E. spy
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In this example, the stem luv is a disguised spelling of love. Therefore, the correct 

answer is C, affection, because its meaning corresponds most closely with that of the 

word love.

The second subtest, MLAT4 Words in Sentences, assesses an ability related to 

prior formal instruction and/or an ability to analogize called Grammatical Sensitivity (45 

items; 20 minutes). Examinees identify a word in a test sentence that fulfills the same 

grammatical function as a word in an example sentence (e.g., nouns that serve as agents), 

as in the following example:

LONDON is the capital of England.

He liked to go fishing in Maine.
A      B        C      D         E

In the example, the stem LONDON is the subject of the sentence. Therefore, the correct 

answer is A, “he,” because it is the subject of its sentence.

The third subtest, MLAT5 Paired Associates, assesses Rote Memory for Foreign 

Language Materials (24 items; 8 minutes). Examinees memorize nonwords based on 

Kurdish and their English translation equivalents (e.g., c?on – gun) (2 minutes), followed 

by practice (two minutes). Learning is assessed through multiple choice items (4 

minutes). To generate scores, correct responses in each section are tallied. As discussed 

above (chapter 2), a growing body of research suggests that the MLAT is highly 

predictive of initial and intermediate proficiency gains, as well as language-specific 

learning. The relationship of this highly predictive test to declarative and procedural 

memory abilities has not been established. 
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(J) The Kaufman Brief Intelligence Test, 2nd edition (KBIT2). The Kaufman 

Brief Intelligence Test, 2nd edition (KBIT2)  (Kaufman & Kaufman, 1990) assesses 

crystallized, verbal intelligence through expressive vocabulary and definitions 

(Vocabulary Subtest) and fluid, nonverbal intelligence through problem solving tasks 

involving perceiving relationships and completing analogies (Matrices Subtest). The

KBIT is highly correlated with the full-scale Wechsler Adult Intelligence Scale, Third 

Edition (WAIS-III; r=0.88; Walters & Weaver, 2003). Evidence suggests intelligence is 

somewhat distinct from aptitude at a basic level, but may be related to aptitude through a 

common second-order factor (Carroll, 1993; Sasaki, 1996; Wesche et al., 1982). Recent 

research suggests that intelligence positively correlates with explicit learning but 

negatively correlates with implicit learning (Robinson, 2002b, 2005b). It is predicted that 

intelligence will better predict learning in the explicit condition.

4.2.2.2 Dependent Variables 

The dependent variable data were collected as part of a larger research project on 

SLA (see Morgan-Short, 2007). For the current investigation, GJT and 

electrophysiological data were analyzed. An analysis of practice data, which do not 

directly address the hypotheses of this investigation, is provided in Appendix D.

4.2.2.2.1 GJT subtests. The GJTs were computer-administered at low (GJT1; 45% 

accuracy) and advanced (GJT2; 95% accuracy plus 36 or more modules, or 44 modules 

total) proficiency benchmarks to assess three aspects of L2 (Morgan-Short, 2007). 

Morphosyntax was indexed by agreement (AGR1 and AGR2; noun-determiner and noun-

determiner-adjective; 48 correct and 48 violation sentences); syntax was indexed by 

phrase structure (PS1 and PS2; S-V-O; 40 correct and 40 violation sentences), and lexical 
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aspects of grammar were indexed by verb argument (VA1 and VA2; transitivity; 36 

correct and 36 violation sentences). Each correct sentence had a corresponding violation 

sentence which was maximally distant from corresponding correct sentences in the order 

of presentation. In addition, following Friederici et al. (2002), the items were based on a 

combination of novel and repeated sentences (i.e., sentences presented during practice 

sessions). The order of presentation of items was pseudo-random. Procedures for auditory 

presentation followed those used by Friederici et al. (2002). For each item, a fixation 

cross first appeared in the center of the screen. After one second, a sentence was 

presented one word at a time, with each word separated by a 50 ms interval of silence. 

After the last word, the screen went blank for 1 second. Then a task prompt (“?”)

appeared on the screen for 2 seconds to prompt the participant to provide the 

grammaticality judgment. Yes/No responses were made via buttons on a response box. 

Two seconds after the question prompt, the fixation cross for the next sentence appeared. 

Accuracy scores served as the dependent variable.

4.2.2.2.3 ERP data. ERPs were recorded while participants completed the GJTs. 

Participants were seated in a chair 70 cm from a 16 inch CRT monitor. Participants were 

instructed to fixate on a cross in the center of the screen and to avoid blinking and 

moving during stimulus presentation. Sentences were presented via ER-4 insert 

earphones (Etymotic Research). The interval between each word was 50 ms. Violation 

sentences contained errors in a range of sentence-medial through sentence-final locations, 

but care was taken to avoid placing violations in sentence-initial position. After each 

sentence, the fixation cross was replaced by the prompt, “Good?” Participants provided 
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judgments through mouse-clicks (left=good, right=bad). The program advanced to the 

next sentence after the mouse-click or five seconds, whichever occurred first.

Brain potentials were recorded continuously during GJT presentation from the 

entire scalp using 64 electrodes mounted in an elastic cap (Electro-Cap International, 

Inc.) with the left mastoid used as a reference. Electrode impedances were reduced to 

below 5kΏ. To monitor eye movements and eye blinks for removal offline, vertical 

electrooculogram (VEOG) was recorded from electrodes placed above and below both 

eyes, and horizontal electrooculogram (HEOG) was recorded from electrodes positioned 

at the outer canthus of each eye. The EEG was amplified online by Neuroscan SynAmps

amplifiers and simultaneously filtered with a band-pass filter (DC to 100 Hz, 24-

dB/octave attenuation). Off-line, electrodes were re-referenced to the mastoid and eye 

movements and artifacts that exceed 75 Hz were removed from the data using eeprobe 

software (Advanced Neuro Technology). In addition, using eeprobe, the EEG files were 

filtered with an additional band-pass filter to further reduce noise (0.16 to 30 Hz, 24-

dB/octave attenuation). For the first ERP session (ERP1), 19.19 percent of data were 

rejected, and for the second ERP session (ERP2), 16.38 percent of data were rejected. 

ERPs were time-locked to the target word onsets and averaged for each participant at 

each electrode site using a 200ms pre-stimulus baseline (see Morgan-Short, 2007). ERPs 

were analyzed for five time windows for each violation, as described in Chapter 6.

4.2.3 L2 Instruction and Practice

Participants learned Brocanto2 (Morgan-Short, 2007), a spoken miniature 

language with no writing system based on a language used in previous research on high 

proficiency L2 grammar (Friederici et al., 2002; Opitz & Friederici, 2003, 2004). 
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Instruction was presented aurally through computer-mediated self-instruction using a 

chess-like game. All participants were initially taught the rules of the game without using 

either Brocanto2 vocabulary or English vocabulary that could function as one-to-one 

translations. Next, they learned the names of the game tokens by clicking on pictures of 

them and eliciting a recording of the word. In the implicit instruction condition, 

participants were exposed to the grammar during a training session which provided 127 

meaningful examples. In the explicit condition, participants were exposed to the grammar 

through metalinguistic information on the functions and rules of nouns, verbs, 

determiners, adjectives, and adverbs, and only 33 meaningful examples. The number of 

meaningful examples was reduced in the explicit condition in order to maintain 

comparable amounts of exposure to Brocanto2 in both conditions. Implicit training lasted 

for 13 minutes, 29 seconds, while explicit training lasted for 13 minutes, 8 seconds 

(Morgan-Short, 2007). 

After training, participants practiced Brocanto2 through self-instructional, 

computer-based, alternating comprehension and production activities over the course of 

36-44 modules (Figure 7). Specifically, participants completed two comprehension 

blocks, then two production blocks, and so on. In the comprehension blocks, participants 

clicked and moved objects in response to verbal directives. If participants performed the 

wrong move (e.g., they misunderstood), the computer program moved the playing piece 

to the correct location. In the production blocks, participants describe aloud moves they 

observed on the screen. Errors in production were not detected by the computer. Instead, 

a proctor evaluated each spoken sentence and then entered his/her rating (i.e., 

correct/incorrect) into the computer, but without informing the participant. Participants 
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accumulated points for correct responses or descriptions, but no overt corrections or 

expansions were provided for errors in order to control for amount of input (Leeman, 

2003). The number of points was displayed on the monitor.

Practice was stopped at the two proficiency benchmarks. The benchmark for low 

proficiency was 45 percent accuracy on two consecutive comprehension blocks. The 

benchmark for advanced proficiency was 95 percent accuracy on two consecutive 

comprehension blocks and at least 36 modules of practice (some learners required more 

than 36 modules), or 44 total modules. Further description of practice and an analysis of 

practice data is provided in Appendix D.

Figure 7. The Brocanto2 game board. 

Following Friederici et al. (2002), Brocanto2 was designed to discourage L1 (or 

other L2) rule transfer, such that any ERP effects could be attributed to L2 processes. 

Brocanto2 is a subject-object-verb (S-O-V) language consisting of 14 words that follow 

English phonological rules (4 nouns, 4 verbs, 2 adverbs, 2 determiners, and 2 adjectives). 

Sentences range from three words (Detm/f Noun m/f Verb) to eight words (Det m/f Noun m/f
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Adj m/f Det m/f Noun m/f Adj m/f Verb Adv). Nouns are unique labels for the playing pieces 

used in the game (e.g., pleckm, neepm, blomf, vodef). Verbs describe movements and 

actions. One of the verbs is obligatorily transitive (praz, “swap”), one is obligatorily 

intransitive (klin, “move”), and two are optionally transitive/intransitive (nim, “capture;” 

yab, “release”). Adjectives describe the shape of the game pieces (e.g., trois-, “round,” 

neim-, “square”), while adverbs describe aspects of movement (e.g., noyka, “vertically,” 

zayma, “horizontally”). Determiners (lim, luf) and adjectives (-em, -of) agree in gender 

with nouns, but there is no number agreement. Adjectives are post-nominal. Further 

information on Brocanto2 and its development is provided in Morgan-Short (2007). 

Examples of Brocanto2 sentences that were heard by learners are as follows:

Example 1.

Vode lu neep li praz.
“The(f) vode changes place with the(m) neep.”

Example 2.

Neep li pleck li nim.
“The(m) neep captures the(m) pleck.”

Example 3.

Neep neime li blom troiso lu praz. 
“The(m)  square(m) neep changes place with the(f)  round(f) blom.”

Example 4.

Vode troiso lu pleck neime li yab noyka.
“The(f)  round(f) vode releases the(m)  square(m) pleck vertically.”

4.2.4 Design and Procedure

Potential participants were solicited using flyers, which were posted around the 

Georgetown University campus and bulletin boards at super markets and parks in 
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Northern Virginia, and online advertisements on Craig’s List 

(http://washingtondc.craigslist.org/) and Facebook (http://www.facebook.com). All 

potential participants were pre-screened for L1 and L2 background and experience, 

psychological and neurological disorders, educational background, and other 

characteristics which affect neural response to language, such as left handedness. Those 

who met the criteria for study participation were invited to the lab for the cognitive 

ability test administration session. Upon arriving, they completed informed consent 

paperwork, forms to ensure they were compensated for their time, and a detailed survey 

that solicited contact information for follow-up, age and birthplace, language background 

and experience, and specific information related to learning, psychological, physical, and 

neurological disorders, whether temporary, developmental, and heritable, for both the 

participant and immediate family members. In some cases, potential participants were 

dismissed after this screening due to, for example, an inability to establish that the L1 

was English or the presence of a learning disability or health condition which could affect 

language or memory processes. 

Following this initial induction session, cognitive ability tasks were administered 

in four separate blocks (Table 10). Each block lasted for 40-70 minutes, although time 

spent in each block varied for individuals. Participants were encouraged to take breaks 

between blocks and offered refreshments and snacks throughout the testing session. In 

some cases, participants completed the cognitive ability testing in two shorter sessions. 

Including the administration session, testing blocks, and breaks, the cognitive ability test 

session(s) lasted a total of three-and-a-half to four-and-a-half hours. To address effects of 

sequence of test administration, the order of blocks was rotated, yielding 24 unique 
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sequences; in addition, the order of task administration was reversed in blocks 2-4, 

yielding an additional 24 unique sequences, for 48 possible sequences. The order of task 

administration in Block 1 could not be reversed due to the timing of tests of delayed 

knowledge. The 48 sequences were listed on a checklist. Before testing began, the 

researcher selected an unused sequence from the list and then crossed it off. Assignment 

to learning condition was blind, in that the researcher assigning participants to Brocanto2 

instructional conditions did not have any knowledge of participants’ cognitive abilities. 

The majority of participants completed the aptitude session prior to beginning L2 

instruction, although five participants began learning Brocanto2 before they completed 

cognitive ability testing, and three participants completed testing after learning 

Brocanto2. 

Table 10. Cognitive Ability Test Session Blocks. 
Cognitive Ability Test Ability Indexed Administration Time

Block 1. 40 minutes. 

CVMT Declarative Memory, 

Nonverbal 

5 minutes

CVLT-II Declarative Learning, Verbal 15 minutes

Artificial Grammar Procedural Memory 12 minutes

Digit Symbol task Speeded Attention 3 minutes

CVMT Long Delay 

(30 minute delay)

Declarative Learning, 

Nonverbal 

5 minutes

CVLT-II Long Delay

(20 minute delay)

Declarative Learning, Verbal 5 minutes
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Cognitive Ability Test Ability Indexed Administration Time

Block 2. 70 minutes.

Weather Prediction task Procedural Memory, 

Nonverbal

35 minutes

MLAT Short Form Language Aptitude 35 minutes

Block 3. 70 minutes. 

Past Tense Production* task Declarative and Procedural 

Memory, Verbal

30 minutes

K-BIT Intelligence 35 minutes

Block 4. 60 minutes. 

Triplets, Manipulation* task Declarative and Procedural 

Memory, Verbal

10 minutes

Sentence Repetition task

(TOAL-3, Subtest 4)

Working Memory, Verbal 10 minutes

Nonword Repetition Working Memory, 

Phonological

10 minutes

Verbal Fluency tasks Semantic Fluency and 

Phonemic Fluency

10 minutes

Object Naming* task Declarative and Procedural 

Memory

10 minutes

Triplets, Function* task Declarative and Procedural 

Memory, Verbal

10 minutes

*Data not included in current investigation. 
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CHAPTER 5 – BEHAVIORAL RESULTS 

Chapter 5 reports results based on analyses of behavioral data (Chapter 6 reports 

results based on ERP data). The chapter first reports descriptive statistics for all 

behavioral measures. Next a correlational analysis among all independent variables is 

provided. Then, behavioral findings for the first six hypotheses are addressed in order

through simple linear regression, multiple hierarchical regression, quadratic regression, 

and Chow tests.

5.1 Descriptive Statistics

Descriptive statistics for this investigation are reported first. These data were 

inspected to test the assumptions for regression analyses and interpret analyses 

effectively. First, means and Kolmogorov-Smirnov (K-S) tests of normality analysis were 

calculated for each variable for the entire sample, and then within each instructional 

group (explicit and implicit). This latter step was taken because distributional parameters 

change for each grouping of participants. Second, when the K-S coefficient was 

significant, by examining graphs and calculating additional statistics, data were evaluated 

further for significant skewness, kurtosis, and the presence of outliers. Significant 

skewness and kurtosis values were determined by the p values for z-scores for skewness 

and kurtosis (skewness/ SEskewness or kurtosis/SEkurtosis, Field, 2005). Skewness or kurtosis 

values were considered significant if z-scores were above 2.58 (absolute value) for small 

samples like those in this investigation (Field, 2005). Outlier scores were defined as 

scores 1.5 times the interquartile range (IQR) or more above the upper quartile score or 

below the lower quartile score (Tukey, 1977). Third, after generating descriptive 

statistics, group differences in test performance were examined using t-tests or ANOVA 
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techniques. Finally, reliability statistics where computed for measures with no prior 

statistics on reliability. 

5.1.1 Independent Variables

5.1.1.1 Artificial Grammar

The Artificial Grammar task contained 32 items, divided equally into low 

frequency and high frequency subtests. Each subtest contained equal numbers of 

grammatical and nongrammatical items. This task was used as a measure of declarative 

and procedural learning. As described in Chapter 4, d-prime scores were computed for 

each frequency bin for the current investigation. Boxplot graphs indicated that there was 

an outlier in the low frequency subtest. In addition, z-scores for skewness and kurtosis 

indicated significant skewness and kurtosis. Once the outlier was eliminated, the 

distribution became normal. The resulting descriptive statistics are reported in Table 11. 

T-tests indicated that mean scores between explicit and implicit groups were not 

statistically significantly different (High Frequency: t(25)=0.34, p=0.74; Low 

Frequency: t(24)=-0.32, p=0.75).  

Participant performance on this measure was as expected. Overall, participants 

tended to accept nongrammatical items as grammatical (false alarms), leading to lower 

d-prime scores on the high frequency items. Learners were more accurate on the low 

frequency subtest, yielding higher d-prime scores. The difference in performance on low 

and high frequency items was statistically significant (t(24)=2.41, p=0.02). In prior 

research, a higher rate of acceptance of nongrammatical items for the high frequency bin

has been interpreted as acceptance of familiar chunks that were memorized, regardless 

of the underlying grammar. Conversely, better accuracy on the low frequency bin is 
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interpreted as dependent on access to knowledge of abstract rules (Chang & Knowlton, 

2004; Lieberman, et al., 2004; Knowlton & Squire, 1996; Robinson, 2002, 2005b). It is 

noted that d-prime scores for both frequency bins displayed a spread, as indicated by 

reasonably large standard deviations, suggesting that there is population variance on this 

measure (cf. Robinson, 2005b). 

Split-halves reliability coefficients were determined for accuracy data (not d-

prime scores). Based on data from all participants, reliability coefficients were as 

follows: High Frequency Grammatical items, r=-0.03; High Frequency Nongrammatical 

items, r=0.62; Low Frequency Grammatical items, r=0.50; Low Frequency 

Nongrammatical items, r=0.40 (all previous corrected using the Spearman-Brown 

prophecy formula). Overall reliability was a moderate r=0.61 (corrected using the 

Spearman-Brown prophecy formula). While this measure obtains lower reliability 

coefficients than most of the other independent measures used in this investigation, the 

level of overall reliability nevertheless aligns with, and even improves upon, prior 

research involving this type of task that has reported reliability (see Robinson, 2002b). 
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Table 11. Means and K-S Tests of Normality for Artificial Grammar Test Scores.

Kolmogorov-Smirnov testGroup (N) Mean SD

D p

All  (27) 0.42 0.63 0.13 0.20

Explicit (14) 0.46 0.60 0.14 0.20

High Frequency

d-prime

Implicit (13) 0.38 0.68 0.15 0.20

All  (26) 0.88 0.68 0.09 0.20

Explicit (13) 0.94 0.75 0.16 0.20

Low Frequency

d-prime

Implicit (13) 0.81 0.63 0.17 0.20

5.1.1.2 CVLT-II, Trial 1

CVLT-II, Trial 1, gauged participants’ abilities to repeat 16 words immediately 

after hearing them said aloud by the researcher. This task was used as a measure of short-

term memory. The K-S test of normality indicated that the distribution for all participants 

differed significantly from a normal distribution (N=29; D=0.25, p=0.00; Table 12). 

There were no outliers, and skewness and kurtosis z-scores were not significant. A 

histogram indicated that the distribution was generally flat with one prominent peak. No 

changes were made to the sample. For the explicit condition, the K-S test indicated that 

the distribution did not differ significantly from a normal distribution (N=15; D=0.19, 

p=0.16). For the implicit condition, one outlier was eliminated (test scores 1.5 x IQR 

above the 75th percentile score). Despite eliminating the outlier, the distribution was non-

normal (N=13; D=0.32, p=0.00). To ascertain whether non-normaility was due to 
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excessive skewness or kurtosis, skewness and kurtosis z-scores were calaculated. Neither 

z-score was significant. Data were left untouched.

T-tests indicated that mean scores were almost the same between explicit and 

implicit conditions and were not statistically significantly different (t(26)=0.78, p=0.44). 

Reliability estimates for the CVLT-II total score are reported immediately below. 

Table 12. Means and K-S Tests of Normality for CVLT-II, Trial 1. 
Kolmogorov-Smirnov testGroup (N) Mean SD

D p

All  (29) 0.45 0.10 0.25 0.00

Explicit (15) 0.46 0.11 0.19 0.16

Implicit (13) 0.43 0.09 0.32 0.00

5.1.1.3 CVLT-II, Total Score

Descriptive statistics for the CVLT-II total score are reported for all participants 

and both conditions (Table 13). K-S tests of normality indicated that the distributions 

within groupings did not differ significantly from a normal distribution. The CVLT-II 

testing manual reports a moderately high reliability coefficient (recurring items; r=0.80; 

split-halves method, corrected using the Spearman-Brown formula; Delis et al., 1987). T-

tests indicated that mean scores between conditions were not statistically significantly 

different (t(27)=-0.45, p=0.66).
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Table 13.  Means and K-S Tests of Normality for CVLT-II Total Scores. 
Kolmogorov-Smirnov testGroup (N) Mean SD

D p

All  (29) 0.75 0.08 0.12 0.20

Explicit (15) 0.74 0.08 0.14 0.20

Implicit (14) 0.76 0.09 0.14 0.20

5.1.1.4 CVMT

Descriptive statistics for the CVMT (d-prime scores) are reported for all 

participants and both conditions (Table 14). K-S tests of normality indicated that the 

distributions within groupings did not differ significantly from a normal distribution 

(p<0.05), although the distribution approached non-normality in the explicit condition 

(p<0.10). T-tests indicated that mean scores were not statistically significantly different 

(t(24)=-0.16, p=0.88).

The CVMT testing manual reports a moderately high reliability coefficient 

(recurring items: r=0.80; split-halves method, corrected using the Spearman-Brown 

formula; Trahan & Larrabee, 1988).

Table 14. Means and K-S Tests of Normality for CVMT Scores.
Kolmogorov-Smirnov testGroup (N) Mean SD

D p

All  (26) 2.20 0.57 0.15 0.12

Explicit (14) 2.19 0.43 0.22+ 0.08

Implicit (12) 2.22 0.68 0.14 0.20
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5.1.1.5 Digit Symbol

Descriptive statistics for the Digit Symbol task are reported for all participants 

and both conditions (Table 15). K-S tests of normality indicated that the distributions 

within groupings did not differ significantly from a normal distribution. T-tests indicated 

that mean scores were not statistically significantly different between training conditions 

(t(24)=-0.12, p=0.90). Using the data from the current investigation, the reliability 

coefficient was high (0.92; KR21 method).

Table 15. Descriptive Statistics and Normality Tests for the Digit Symbol Task.
Kolmogorov-Smirnov testGroup (N) Mean SD

D p

All  (26) 0.77 0.15 0.10 0.20

Explicit (14) 0.76 0.16 0.14 0.20

Implicit (12) 0.77 0.14 0.17 0.20

5.1.1.6 KBIT2

Descriptive statistics for the KBIT2 are reported for all participants and both 

conditions (Table 16). Mean scores on this measure indicate the sample tested tended to 

display above-average intelligence (scores >100). K-S tests of normality indicated that 

the distribution for the KBIT2-Nonverbal subtest for all participants was significantly 

different from a bell curve (p>0.05). The curve for these scores was jagged, but skewness 

and kurtosis z-scores were not significant, and no outliers were identified. Otherwise, 

most distributions did not differ significantly from a normal distribution at the p<0.05 

level (although some approached significance). T-tests indicated that mean scores 

between training conditions were not statistically significantly different (Nonverbal:
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t(27)=0.11, p=0.91; Verbal: t(27)=-0.94, p=0.36; Composite: t(27)=-0.44, p=0.66). The 

KBIT2 testing manual reports a moderately high reliability coefficient (KBIT2-

Nonverbal, r=0.90; KBIT2-Verbal, r=0.88; and KBIT2-Composite, r=0.95; split-halves 

method, corrected using the Spearman-Brown formula; Kaufman & Kaufman, 1990).

Table 16. Means and K-S Tests of Normality for KBIT2 Subtests and Composite Scores.
Kolmogorov-Smirnov testGroup (N) Mean SD

D p

All  (29) 114.79 13.57 0.19* 0.01

Explicit (15) 115.07 13.12 0.18 0.20

KBIT2

Nonverbal

Implicit (14) 114.50 14.53 0.22+ 0.07

All  (29) 119.79 13.39 0.11 0.20

Explicit (15) 117.53 11.95 0.15 0.13

KBIT2

Verbal

Implicit (14) 122.21 14.83 0.20 0.20

All  (29) 120.10 13.69 0.16+ 0.07

Explicit (15) 119.00 13.29 0.17 0.20

KBIT2

Composite

Implicit (14) 121.29 14.40 0.17 0.20

*p<0.05; +p<0.10.

5.1.1.7 MLAT Short Form

Descriptive statistics for the MLAT are reported for all participants and for both 

conditions (Table 17). For MLAT3 Spelling Clues, MLAT4 Words in Sentences, and the 

MLAT short form total score, K-S tests of normality indicated that group distributions 

did not differ significantly from normal distributions  at the p<0.05 level. For MLAT5 

Paired Associates, however, K-S tests of normality indicated that group distributions 
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were significantly different from normal distributions for the entire group (D=0.21, 

p=0.00) and within the explicit condition (D=0.301, p=0.00). There were no outliers, and 

skewness and kurtosis z-scores were not significant. However, in both the entire group 

and the explicit condition, scores clustered at the right end of the range, around 24 

points—the maximum for this subtest (see Chapter 3—L2 Aptitude for an overview of 

MLAT scoring conventions). No changes were made to the data. 

T-tests indicated that differences between group mean scores on MLAT3 (t(27)=-

1.37, p=0.18) and MLAT 5 (t(22.02)=0.56, p=0.58) were not significant. However, group 

differences were significant on MLAT4 (t(27)=-2.87, p=0.01) and approached 

significance on the MLAT short form total score (t(27)=-1.98, p=0.06). In both cases, 

participants in the implicit condition obtained higher scores than participants in the 

explicit condition. A high reliability coefficient for the MLAT short form is reported in 

the test manual (recurring items; r=0.92; split-halves method, corrected using the 

Spearman-Brown formula; Carroll & Sapon, 1958). 
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Table 17. Means and K-S Tests of Normality for MLAT Scores.
Kolmogorov-Smirnov testGroup (N) Mean SD

D p

MLAT3 All  (26) 22.14 8.28 0.11 0.20

Spelling Clues Explicit (14) 20.13 9.09 0.12 0.20

Implicit (12) 24.29 7.00 0.15 0.20

MLAT4 All  (26) 26.67 5.50 0.15+ 0.10

Words in Sentences Explicit (14) 24.13 4.91 0.20 0.12

Implicit (12) 29.36 4.89 0.20+ 0.09

MLAT5 All  (26) 20.59 3.98 0.21* 0.00

Paired Associates Explicit (14) 21.00 3.12 0.30* 0.00

Implicit (12) 20.14 4.82 0.17 0.20

MLAT total All  (26) 70.04 12.23 0.08 0.20

Explicit (14) 66.28 13.31 0.12 0.20

Implicit (12) 74.42 9.36 0.14 0.20

*p<0.05; +p<0.10. 

5.1.1.8 Nonword Repetition

Descriptive statistics for the Nonword Repetition four-syllable subtest task are 

reported for all participants and both conditions (Table 18). The four-syllable subtest was 

used for this analysis because it discriminated among participants more effectively than 

the subtests with fewer syllables (in the remainder of the analysis, the terms Nonword 

Repetition task and the abbreviation NWR will refer to the four-syllable subtest). There 

were two outliers, whose scores were below the lowest quartile value minus 1.5*IQR. 
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Both were eliminated, and the K-S values for the revised sample are provided in Table

18. These participants were reinstated for the learning condition groups, where they were 

not outliers. K-S tests of normality indicated that the distributions within groupings did 

not differ significantly from a normal distribution at the p<0.05 level. 

T-tests indicated that differences between group mean scores on Nonword 

Repetition  were not significant (t(27)=-0.95, p=0.35). Inter-rater reliability for 

transcription of participant responses was moderate (Cohen’s κ=0.70). Second raters were 

often more accurate because they closely listened to digital recordings of responses, 

whereas the first rater (the experimenter) transcribed responses in real time as participants 

provided them. All discrepancies were resolved by the researcher by listening to the 

recording a final time. The four-syllable subtest was only moderately reliable, obtaining a 

coefficient of 0.55 (KR21). 

Table 18. Means and K-S Tests of Normality for Nonword Repetition Scores.
Kolmogorov-Smirnov testGroup (N) Mean SD

D p

All  (27) 0.90 0.06 0.12 0.20

Explicit (15) 0.87 0.10 0.20+ 0.09

Implicit (14) 0.90 0.07 0.14 0.20

*p<0.05; +p<0.10.

5.1.1.9 Sentence Repetition

Descriptive statistics for the Sentence Repetition task are reported for all 

participants and both conditions (Table 19). K-S tests of normality indicated that the 
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distributions within groupings did not differ significantly from a normal distribution at 

the p<0.05 level. T-tests indicated that differences between learning condition mean 

scores were not significant (t(27)=-0.26, p=0.79). The Sentence Repetition task obtained 

a low reliability coefficient of 0.28 (KR21). This low coefficient may be due to the low 

discrimination value of the first 15 sentences, which almost all participants repeated 

correctly. This led to a small raw standard deviation value relative to the raw mean score 

value, both of which are considered in calculating KR21 reliability estimates.

Table 19. Means and K-S Tests of Normality for Sentence Repetition Scores.
Kolmogorov-Smirnov testGroup (N) Mean SD

D p

All  (27) 0.68 0.10 0.14 0.13

Explicit (15) 0.69 0.07 0.18 0.19

Implicit (14) 0.68 0.13 0.20 0.11

*p<0.05; +p<0.10.

5.1.1.10 Verbal Fluency Tasks

Descriptive statistics for the Verbal Fluency tests are reported for all participants 

and both conditions (Table 20). K-S tests of normality indicated that the distributions

within conditions did not differ significantly from a normal distribution at the p<0.05 

level. Group differences were statistically significant for the Animals test, where 

participants in the implicit condition generated more words (t(25)=-2.12, p=0.04). Group 

differences for the FAS (t(25)=-0.80, p=0.84) and Kitchen (t(25)=-0.27, p=0.79) tests 

were not statistically significantly different. Inter-coder reliability analyses were not 
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conducted for these tasks because 100 percent of participants’ responses was 

independently rated by two coders (the researcher and a research assistant), and all 

disagreements were resolved through discussion between both raters. 

Table 20. Means and K-S Tests of Normality for Verbal Fluency Tests.
Subtest Kolmogorov-Smirnov testGroup (N) Mean SD

D p

All  (27) 25.92 7.14 0.11 0.20

Explicit (14) 23.28 7.64 0.13 0.20

Animals

Implicit (13) 28.77 5.51 0.14 0.20

All  (27) 52.26 12.20 0.14 0.70

Explicit (14) 51.78 10.53 0.21+ 0.09

FAS

Implicit (13) 52.77 14.21 0.19 0.20

All  (27) 23.78 6.88 0.16+ 0.08

Explicit (14) 23.42 6.48 0.20 0.12

Kitchen

Implicit (13) 24.25 7.55 0.18 0.20

*p<0.05; +p<0.10.

5.1.1.11 Weather Prediction Task

Descriptive statistics for the grammaticality judgment task subtests are reported in 

Table 21. Data were evaluated to ensure that learning took place. Performance on the last 

training block of the weather prediction task, WPT8, was significantly better than 

performance on the first block (WPT1) for accuracy (t(41)=-2.37 , p=0.02 ) and reaction 

time was faster (t(41)=7.82, p=0.00), indicating that learning had occurred. In addition, 
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for WPT8, mean scores for all groupings were above chance (<0.50), indicating that 

learning took place for most participants. Upon completing the task, participants were 

unable to identify or articulate the algorithm that underlay their predictions. 

Initially, K-S tests of normality indicated the presence of an outlier. Data from 

one participant in the implicit group were eliminated, because his test scores fell below 

1.5 times the IQR. After this step was taken, group distributions for scores on WPT8 did 

not differ significantly from a normal distribution. T-tests indicated that mean scores on 

WPT8 did not differ significantly between groups (t(24)=-1.51, p=0.14). The overall 

WPT obtained a high reliability coefficient (blocks 1-8; r=0.97; split-halves method, 

corrected using the Spearman-Brown formula).

Table 21. Means and K-S Tests of Normality for the Weather Prediction Task.
Kolmogorov-Smirnov testGroup (N) Mean SD

D p

All  (26) 0.63 0.20 0.12 0.20

Explicit (14) 0.57 0.22 0.20 0.16

Implicit (12) 0.69 0.15 0.18 0.20

*p<0.05; +p<0.10.

5.1.2 Dependent Variables: Grammaticality Judgment Tasks

Descriptive statistics for the grammaticality judgment task subtests are reported in 

Table 22. Data were examined for outliers. One distribution, for the Phrase Structure 

subtest at advanced proficiency for all participants, contained outliers (N=3). This 

participant was eliminated. Unfortunately, this step was not helpful, in that a new outlier 

was created (the distributional range had narrowed and the SD became smaller). Because 
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eliminating outliers appeared to create additional problems for the data, and because the 

outliers’ scores were above chance, their data were retained. 

K-S tests of normality indicated that numerous groupings were characterized by 

statistically significant non-normal distributions (Low proficiency: Agreement, all, 

implicit; Verb Argument, all, explicit, implicit. Advanced proficiency: Agreement, all, 

implicit; Phrase structure, all; Verb Argument, all. Table 22). Given that the GJTs were 

administered at benchmark points, data were examined for floor and ceiling effects. 

Visual inspection of histograms indicated that data at low proficiency tended to display a 

left-sided peak and rightward skewing, while data at advanced proficiency tended to 

display a right-sided peak and leftward skewing. Floor and ceiling effects were 

operationalized as the combination of significant skewing and significant kurtosis. Thus, 

for each distribution, z scores were calculated for skewness and kurtosis values. 

Fortunately, no value was statistically significant. For statistical analyses, data were left 

untouched. 

Group differences for each proficiency level were examined using repeated 

measures ANOVA. There was one between-subjects factor, Group (explicit, implicit) and 

two within-subjects factors, Time (low, advanced) and Structure (agreement, phrase 

structure, verb argument). There were main effects for both Time (F(1,27)=88.16, 

p=0.00, 2=0.77) and Structure (F(2,54)=21.65, p=0.00, 2=0.62) but not for Group 

(F(1,27)=0.30, p=0.59, 2=0.01). Post-hoc Scheffe tests indicated that participants 

performed significantly better at advanced proficiency, and that performance on the three 

structures was uneven, with accuracy significantly higher for Phrase Structure subtests; 
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accuracy on the verb argument and Agreement subtests did not differ significantly form 

each other. 

There was a significant interaction effect for Time x Group, but the effect size 

was small (F(27)=8.124, p=0.01, 2=0.24). The implicit condition demonstrated larger 

gains between low and advanced proficiency benchmarks. Interactions for Structure x 

Group (F(3, 54)=2.26, p=0.12, 2=0.04) and Time x Structure x Group  (F(2,54)=1.81, 

p=0.17, 2=0.06) were not significant and the effect sizes were small. 
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Table 22. Means and K-S Tests of Normality for Agreement, Phrase Structure, and Verb 
Argument Subtests.
Level Subtest Kolmogorov-Smirnov 

test

Group Mean SD

D p

Low All  0.67 0.17 0.17* 0.03

Explicit 0.73 0.17 0.12 0.20

Agreement

Implicit 0.60 0.15 0.28* 0.00

All  0.76 0.13 0.12 0.20

Explicit 0.80 0.12 0.12 0.20

Phrase 

Structure

Implicit 0.72 0.13 0.20 0.15

All  0.67 0.18 0.24* 0.00

Explicit 0.68 0.20 0.28* 0.00

Verb 

Argument

Implicit 0.66 0.17 0.27* 0.01

Advanced Agreement All  0.82 0.15 0.23* 0.00

Explicit 0.82 0.16 0.18 0.18

Implicit 0.82 0.15 0.29* 0.00

Phrase All  0.92 0.09 0.20* 0.00

Structure Explicit 0.89 0.11 0.22+ 0.06

Implicit 0.94 0.04 0.17 0.20

Verb All  0.86 0.14 0.18* 0.02

Argument Explicit 0.85 0.17 0.22+ 0.06

Implicit 0.88 0.11 0.19 0.20

All, N=29; Explicit, n=15; Implicit, n=14. *p<0.05; +p<0.10.
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5.1.3 Summary of Group Comparison Data

Ideally, participants in the explicit and implicit groups would be comparable on 

all cognitive ability levels and proficiency indices. As indicated in the descriptive results 

reported above, this was the case for most, but not all, of the variables used in this 

investigation. Table 23 below provides a summary of the findings of statistics comparing 

groups. T-tests indicated that participants in the implicit condition obtained higher scores 

on MLAT4 and the MLAT total score. This suggests that participants in the implicit 

condition had (a) stronger Grammatical Sensitivity abilities and (b) stronger L2 aptitude. 

In addition, implicit participants also produced more words for the Animals verbal 

fluency test. This suggests that participants in the implicit condition were at least 

somewhat better at retrieving words from declarative memory and had better attentional 

resources. Finally, in the implicit condition, an ANOVA indicated that learners displayed 

greater gains between low and advanced proficiency, due to lower scores relative to 

explicit participants at low proficiency benchmark testing. Thus, learners in the implicit 

condition displayed a slower start in Brocanto2, but caught up with learners in the 

explicit condition following additional practice. 
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Table 23. Summary of Group Differences on Ability and Proficiency Measures. 
Group differencesTest

Significant? Description

Artificial Grammar HF n.s.

Artificial Grammar LF n.s.

CVLT-II, Trial 1 n.s.

CVLT-II Total Score n.s.

CVMT n.s.

Digit Symbol n.s.

KBIT2 Nonverbal n.s.

KBIT2 Verbal n.s.

KBIT2 Composite n.s.

MLAT3 n.s.

MLAT4 p=0.01 Scores higher in implicit condition

MLAT5 n.s.

MLAT Total p=0.06 Scores higher in implicit condition

Nonword Repetition n.s.

Sentence Repetition n.s.

Animals p=0.04 Scores higher in implicit condition

FAS n.s.

Kitchen n.s.

WPT8 n.s.

CV data n.s.
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Group differencesTest

Significant? Description

Benchmark data, low n.s.

Benchmark data, 

advanced

n.s.

GJT data p=0.04 Score gains larger between low and 

advanced proficiency in implicit 

condition

5.1.4 Are Group Ability Profiles Matched?

Learners in the two conditions displayed different patterns of memory abilities 

(Table 24 and Table 25). In several analyses below, learners are divided into groups 

based on the strengths of their declarative, procedural, and working memory abilities. 

Working memory abilities are divided into two subtypes, attentional capacity and short-

term memory capacity.

Learner profiles differed in the explicit and implicit conditions. In the explicit 

condition, participants with strong declarative memory tended to also have strong

procedural memory and participants with weak declarative memory tended to also have 

weak procedural memory. Correlations indicate that WPT8 and CVMT scores were 

positively related in the explicit condition (r=0.52, p=0.06). In contrast, in the implicit 

condition, participants tended to have strong declarative memory tended but weak

procedural memory, or weak declarative memory tended but strong procedural memory; 

that is, their ability levels were uneven. Correlations indicate that in the implicit 
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condition, WPT8 scores were significantly inversely related to CVMT scores (r=-0.58 , 

p=0.04). These correlations indicate that learner profiles in the two groups were not 

matched. These differences may have arisen because of (a) random assignment to groups, 

or (b) a form of “natural selection, ” as there was a higher rate of attrition in the implicit 

condition. Regardless, the correlation between CVMT and WPT8 scores in the explicit 

condition suggests a confound in data interpretation. This issue will be addressed by 

including these measures as covariates in some analyses. For working memory, ability 

patterns for more and less groups (attentional capacity and short-term memory) were 

comparable between conditions. 
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Table 24. Learner Profiles, Explicit Condition. 
Ability SubgroupParticipant 

ID

Sex Age

Declarative Procedural Attention STM 

3 Male 22 Successful -- -- More

7 Female 21 Successful Unsuccessful Less Less

25 Male 24 Successful Successful Less Less

20 Male 32 Successful Successful Less Less

27 Female 32 Successful Successful More Less

1 Female 27 Successful Successful More More

21 Male 23 Unsuccessful Unsuccessful Less Less

6 Male 23 Unsuccessful Unsuccessful Less Less

15 Male 19 Unsuccessful Unsuccessful Less Less

12 Female 20 Unsuccessful Unsuccessful Less More

9 Male 26 Unsuccessful Unsuccessful More Less

4 Male 20 Unsuccessful Unsuccessful More More

14 Female 18 Unsuccessful Successful Less More

24 Female 22 Unsuccessful Successful More More

19 Female 24 Unsuccessful Successful More More

STM=short term memory. Two dashes (--) indicate that the learner was not assigned to a 
group due to missing data or outlier status. 
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Table 25. Learner Profiles, Implicit Condition.
Ability SubgroupParticipant 

ID

Sex Age

Declarative Procedural Attention STM 

2 Male 21 Successful -- -- More

23 Male 19 Successful -- More More

16 Male 23 Successful Unsuccessful Less Less

29 Female 31 Successful Unsuccessful More Less

11 Female 19 Successful Unsuccessful More Less

18 Female 23 Successful Unsuccessful More More

28 Female 25 Successful Unsuccessful More More

26 Male 24 Successful Successful More Less

22 Female 26 Unsuccessful Unsuccessful Less More

5 Female 20 Unsuccessful Successful Less Less

17 Male 25 Unsuccessful Successful Less Less

10 Male 20 Unsuccessful Successful Less Less

13 Male 19 Unsuccessful Successful Less More

8 Male 21 Unsuccessful Successful Less More

STM=short term memory. Two dashes (--) indicate that the learner was not assigned to a 
group due to missing data or outlier status. 

5.2 Exploration of Independent Variables Using Correlation

An exploration of interrelationships among the independent variables was 

performed through correlational analysis. This analysis was conducted because other 

methods of data exploration, such as principle components analysis or factor analysis, 
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could not be attempted due to the small number of participants (fewer than 50). Findings 

from this analysis were used in interpreting the underlying traits tapped by each measure. 

Below, Table 26 presents Pearson’s correlations and p values (2-tailed) for measures of 

declarative, procedural, and working memory using all participants. Next, Table 27

presents Pearson’s correlations and p values (2-tailed) for measures of aptitude, 

intelligence, and declarative, procedural, and working memory using all participants.

5.2.1 Correlations among Measures of Declarative, Procedural, and Working Memory

Correlations within and among declarative, procedural, and working memory 

measures are described in this section (Table 26). Among declarative memory measures, 

there were two correlated variables. CVMT scores (visual learning) correlated 

moderately with CVLT-II total scores (verbal learning; r=0.47, p=0.01). This indicates 

that visual and verbal declarative learning were correlated.

The two procedural memory measures were not correlated with each other, 

indicating that they indexed unrelated learning abilities/knowledge. This lack of 

correlation may be due to various factors, such as differing task demands that emphasize 

different cognitive abilities. For example, different types of procedural 

learning/knowledge were measured with each test (rule application with letter strings vs. 

probabilistic categorization). 

For working memory, there were two groups of correlated variables. First, among 

attentional assessments, the Digit Symbol task and Kitchen task were significantly 

correlated (r=0.41, p=0.07). In addition, the three verbal fluency tasks were correlated. 

Animals scores correlated moderately with both FAS scores (r=0.58, p=0.00) and 

Kitchen scores (r=0.41, p=0.03), and FAS and Kitchen scores were correlated (r=0.58, 
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p=0.00). Second, the two short-term memory assessments, Nonword Repetition and 

Sentence Repetition, were correlated (r=0.47, p=0.01).  It is worth mention that the 

correlation between the FAS task and CVLT-II, Trial 1 approached significance (r=0.36, 

p=0.07), but in general, measures of attentional processes did not strongly correlate with 

measures of short-term storage and retrieval processes.

Some declarative memory measures were correlated with attentional/retrieval 

fluency abilities. First, correlations between the CVLT-II (verbal learning) and CVMT 

(visual learning) and the Digit Symbol (attention) task were significant or marginally 

significant (CVLT-II, r=0.41, p=0.07; CVMT, r=0.54, p=0.00). Second, there was a 

four-way relationship among CVMT, CVLT-II, Animals (attention/semantic fluency), 

and FAS (attention/phonemic fluency) scores. CVMT scores correlated with Animals 

(r=0.45, p=0.02) and FAS scores (r=0.46, p=0.04), as did the CVLT-II (Animals, 

r=0.51, p=0.01; FAS, r=0.54, p=0.00). Declarative memory and attention/retrieval 

fluency may be related because (a) the declarative memory assessments enlisted complex 

attention/retrieval processes, and/or (b) verbal fluency task performance was improved by 

better declarative memory. 

Higher AGLF scores (procedural learning) significantly negatively correlated with 

performance on Nonword Repetition (short-term memory; r=-0.46, p=0.02). This 

suggests that applying the same short-term memory abilities needed to repeat nonwords 

impedes accuracy on the Artificial Grammar low frequency items. In this case, stronger

short-term memory capacity meant lower AGLF scores. 



Table 26. Correlations among Measures of Declarative, Procedural, and Working Memory.

CA=California. *p<0.05. +p<0.10  .

Declarative Memory Procedural 
Memory

Working Memory

1 2 3 4 5 6 7 8 9 10 11
1 Continuous Visual Memory Test (CVMT)

r 0.47*2 CA Verbal Learning Test (CVLT-II) Total
p 0.01
r 0.18 0.123  Artificial Grammar – High Frequency (AGHF)
p 0.37 0.57
r 0.02 0.13 0.074  Artificial Grammar – Low Frequency  (AGLF)
p 0.94 0.54 0.74
r 0.23 0.16 -0.09 -0.155 Weather Prediction (WPT8)
p 0.27 0.44 0.68 0.47
r 0.41+ 0.38+ -0.04 0.05 0.326 Digit Symbol Task
p 0.07 0.10 0.85 0.83 0.18
r 0.45* 0.51* -0.01 -0.11 -0.08 0.197 Animals (Verbal Fluency)
p 0.02 0.01 0.95 0.59 0.72 0.43
r 0.46* 0.54* 0.11 0.12 -0.25 0.18 0.58*8 FAS (Verbal Fluency)
p 0.04 0.00 0.59 0.57 0.22 0.44 0.00
r 0.28 0.39* 0.07 -0.03 -0.06 0.41+ 0.41* 0.58*9 Kitchen (Verbal Fluency)
p 0.15 0.05 0.72 0.88 0.75 0.07 0.03 0.00
r 0.11 0.67* 0.11 0.27 -0.08 0.05 0.24 0.36+ 0.2010 CA Verbal Learning Test – Trial 1 (CVLT-II)
p 0.56 0.00 0.57 0.19 0.70 0.83 0.23 0.07 0.30
r 0.95 0.20 0.26 -0.46* 0.19 0.36 0.06 -0.05 0.17 0.2211 Nonword Repetition Task
p 0.64 0.31 0.19 0.02 0.38 0.14 0.77 0.80 0.42 0.27
r 0.21 0.13 -0.02 -0.21 0.01 0.29 0.15 0.07 0.31 0.07 0.47*12 Sentence Repetition Task
p 0.27 0.50 0.92 0.31 0.94 0.21 0.45 0.72 0.12 0.72 0.01
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5.2.2 Correlations among Measures of Aptitude, Intelligence, and Declarative, 

Procedural, and Working Memory

Measures of and declarative, procedural, and working memory and aptitude, 

intelligence, were submitted to correlational analysis (Table 27).

Most measures of declarative memory did not correlate significantly with aptitude 

or intelligence scores, with one exception. CVLT-II total scores (verbal learning) 

obtained a low-moderate correlations with MLAT3 Spelling Clues (phonetic coding 

ability and verbal knowledge) that approached significance (r=0.32, p=0.09) and with 

MLAT5 Paired Associates (declarative learning) that approached significance (r=0.34, 

p=0.07). In addition, CVLT-II scores obtained a moderate, significant correlation with 

the MLAT short form total score (general aptitude; r=0.41, p=0.03). 

For procedural memory, only WPT8 scores (procedural learning) obtained 

moderate correlations with MLAT4 Words in Sentences (grammatical sensitivity; r=0.44, 

p=0.02) and the MLAT short form total score (r=0.43, p=0.03). In addition, WPT8 

scores correlated with KBIT2-Verbal scores (r=0.39, p=0.05) and KBIT2 composite 

scores (r=0.42, p=0.04). Indeed, all these measures were correlated, forming a cluster, 

and will be described more below.

Several working memory scores were correlated with aptitude and intelligence. 

Digit Symbol (processing speed/attention) scores moderately correlated with MLAT3 

Spelling Clues (phonetic coding ability and verbal knowledge; r=0.41, p=0.03) and more 

strongly correlated with MLAT5 Paired Associates (r=0.62, p=0.00) and the MLAT 

short form total score (r=0.61, p=0.00). The Animals task (verbal fluency/attention) 

scores correlated moderately with MLAT3 Spelling Clues (phonetic coding ability/verbal 
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knowledge; r=0.39, p=0.05), and marginally correlated with the MLAT total score 

(r=0.35, p=0.07). The FAS task (verbal fluency/attention) obtained a moderately 

significant correlation with MLAT3 (r=0.37, p=0.06) and the MLAT total score (r=0.32, 

p=0.10). The Kitchen task (verbal fluency/ attention) obtained a marginally significant 

low-moderate correlation with MLAT5 Paired Associates (r=0.37, p=0.06). Nonword 

Repetition scores (short-term memory) moderately correlated with MLAT5 Paired 

Associates (r=0.42, p=0.03), and correlated with each KBIT2 subtest as well as the 

composite score (KBIT2-Nonverbal: r=0.55, p=0.00; KBIT2-Verbal: r=0.55, p=0.02; 

KBIT2 composite: r=0.55, p=0.00). Sentence Repetition scores (short-term memory) 

correlated with MLAT4 Words in Sentences (grammatical sensitivity; r=0.52, p=0.00), 

and correlated with each KBIT2 subtest as well as the composite score (KBIT2-

Nonverbal: r=0.46, p=0.01; KBIT2-Verbal: r=0.50, p=0.01; KBIT2 composite: r=0.54, 

p=0.00). In sum, attentional measures correlated with aptitude measures but not 

intelligence. In contrast, measures of short-term memory correlated with only some 

measures of aptitude but all measures of intelligence.

Some aptitude and intelligence measures were correlated. As displayed in Table

27, all aptitude subtests correlated with the MLAT total score, and the two KBIT2 

subtests correlated with the KBIT2 composite score. In addition, MLAT4 Words in 

Sentences correlated with KBIT2-Verbal scores (r=0.51, p=0.01) and KBIT2 composite 

scores (r=0.45, p=.01). In addition, MLAT short form total scores followed the same 

pattern of correlations, correlating with KBIT2-Verbal subtests scores  (r=0.43, p=0.02) 

and KBIT2 composite scores (r=0.43, p=0.02). Finally., MLAT5 Paired Associates 

scores correlated with KBIT2 Nonverbal scores (r=0.46, p=0.01) and marginally 
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significantly correlated with KBIT2 composite scores (r=0.31, p=0.10). It is noted that 

MLAT3 Spelling Clues did not correlate with measures of intelligence. 

Results indicate the presence of a two clusters of correlated tests scores. One 

cluster of correlated variables included WPT8, MLAT4, MLAT short form total scores, 

KBIT2 Verbal, and KBIT2 composite scores. This inter-correlation suggests a common 

underlying ability yields success on these measures—and thus, WPT8 scores are related 

to intelligence and aptitude to some degree. This set of correlations was not expected. 

Looking at just the subtests, WPT8 assesses probabilistic categorization learning, 

MLAT4 assesses the ability to infer a part of speech based on an example, and the 

KBIT2-Verbal subtest assesses vocabulary knowledge and the ability to guess concepts 

from riddles. The common ability may be the ability to integrate complex information to 

solve a problem; however, for the former two tasks, this process is presumably 

accomplished through implicit processes, while for the latter, this is presumably 

accomplished through explicit processes. These results are intriguing, because 

performance on the WPT has not been linked to other ability tests in prior research.

 A second cluster of correlated scores occurred among Nonword Repetition, 

Sentence Repetition, and KBIT2 subtests and composite scores. This clustering suggests 

a relationship exists between short-term memory and intelligence. 



169

Table 27. Pearson’s Correlations among Aptitude, Intelligence, and Memory Measures.
Aptitude Intelligence

MLAT3 MLAT4 MLAT5 MLAT 
Total

KBIT2-
NV

KBIT2-V KBIT2 
Comp

r 0.20 0.23 0.12 0.29 0.24 0.17 0.24CVMT
p 0.29 0.22 0.52 0.14 0.22 0.38 0.21
r 0.32+ 0.18 0.34+ 0.41* 0.17 -0.00 0.10CVLT-II Total
p 0.09 0.35 0.07 0.03 0.39 0.99 0.61

r -0.10 -0.19 0.28 -0.06 0.16 -0.05 0.07Art. Grmr.
 High Freq. p 0.64 0.34 0.17 0.75 0.44 0.82 0.74

r 0.21 -0.31 0.12 0.03 0.10 -0.32 -0.11Art. Grmr.
 Low Freq. p 0.31 0.12 0.56 0.89 0.65 0.11 0.60

r 0.24 0.44* 0.17 0.43* 0.34+ 0.39* 0.42*WPT8_Acc
p 0.24 0.02 0.40 0.03 0.09 0.05 0.04
r 0.41* 0.34 0.62* 0.61* 0.38 0.31 0.39+Digit Symbol
p 0.07 0.15 0.00 0.00 0.10 0.19 0.09
r 0.39* 0.22 -0.06 0.35+ -0.05 0.09 0.03Animals
p 0.05 0.27 0.78 0.07 0.82 0.65 0.87
r 0.37+ 0.14 0.02 0.32+ 0.13 0.05 0.11FAS
p 0.06 0.49 0.90 0.10 0.50 0.80 0.60
r 0.14 0.10 0.37+ 0.26 0.31 0.07 0.22Kitchen
p 0.49 0.63 0.06 0.18 0.11 0.72 0.26
r 0.05 0.13 0.19 0.16 0.12 -0.22 -0.04CVLT-II (1)
p 0.80 0.50 0.32 0.42 0.54 0.26 0.82
r -0.05 0.27 0.42* 0.22 0.55* 0.55* 0.55*NWR
p 0.82 0.18 0.03 0.27 0.00 0.02 0.00
r 0.06 0.52* 0.06 0.30 0.46* 0.50* 0.54*Sentence Rep
p 0.77 0.00 0.74 0.12 0.01 0.01 0.00
r 1.00 0.30 0.13 0.86* 0.08 0.24 0.18MLAT3
p 0.12 0.51 0.00 0.69 0.20 0.35
r 1.00 -0.06 0.64* 0.30 .051* 0.45*MLAT4
p 0.77 0.00 0.12 0.01 0.01
r 1.00 0.39* 0.46* 0.10 0.31+MLAT5
p 0.04 0.01 0.61 0.10
r 1.00 0.34+ 0.43* 0.43*MLAT Total
p 0.07 0.02 0.02
r 1.00 0.64* 0.91*KBIT2-NV
p 0.00 0.00
r 1.00 0.89*KBIT2-V
p 0.00

*p<0.05; + p<0.10.
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5.3 Simple Linear Regression Analysis of GJT Subtests Using All Independent Variables

Using simple linear regression, each of the GJT subtests (dependent variables) 

was regressed against each of the independent variables for the two conditions 

(explicit/implicit) at the two levels of proficiency (low, advanced). The GJT targeted 

three structures with three subtests: agreement (morphosyntax), phrase structure (syntax), 

and verb argument (lexical aspects of grammar). This analysis examined subtests which 

tapped these three structures, as well as two additional variables based on composite 

scores: one indexing rule-based grammar, based on summing Agreement and Phrase 

Structure subtest scores then dividing by two, and a second one indexing overall 

proficiency, based on summing all three subtest scores and then dividing by three. GJT 

data are used to address the first two hypotheses, reprinted here for convenience:

H1: Tests of declarative memory should predict low proficiency in L2 grammar in 

both explicit and implicit instruction. However, declarative memory tests will be 

more predictive for learners in the explicit condition and for learners with stronger 

declarative memory abilities.

H2a: Tests of procedural memory should predict advanced proficiency in L2 

grammar in both explicit and implicit instruction. However, procedural memory 

tests will be more predictive for learners in the implicit condition and learners 

with stronger procedural memory abilities.

The simple linear regression analysis presented next addresses whether measures 

of declarative and procedural memory predict low and advanced proficiency in the 

hypothesized manner, and address whether there are differences between the two 
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conditions. In addition, working memory, aptitude, and intelligence variables were 

included in the simple linear regression analysis reported next for exploratory purposes. 

Because there is a correlation between WPT8 and CVMT scores, a multiple regression 

analysis follows this one.

5.3.1 Explicit Condition

5.3.1.1 Low Proficiency

The regression coefficients for explicit condition variables at low proficiency are 

presented in Table 28. The DP model predicts that learners rely on declarative memory at 

low proficiency for both grammar and lexicon. This claim was supported. (a) CVLT-II 

total scores (verbal learning) marginally predicted accuracy for agreement (=0.48, 

R2=0.23, p=0.07),  phrase structure (=0.45, R2=0.20, p=0.09), and the rule-based 

grammar composite score (=0.49, R2=0.24, p=0.06). (b) CVMT (visual learning) scores 

predicted all three target forms (agreement: =0.74, R2=0.54, p=0.00; phrase structure: 

=0.69, R2=0.48, p=0.00; verb argument: =0.63, R2=0.39, p=0.01) and both composite 

scores (rule-based grammar: =0.75, R2=0.56, p=0.00; total: =0.74, R2=0.55, p=0.00). 

(c) MLAT5 Paired Associates (declarative learning) predicted phrase structure accuracy 

(=0.60, R2=0.36, p=0.02) and marginally predicted the rule-based grammar composite 

score (=0.47, R2=0.22, p=0.07). (d) The remaining declarative memory tests were not 

predictive.

The DP model predicts that learners do not rely on procedural memory at low 

proficiency. This claim was not supported in simple linear regression analysis (but see 

multiple regression analysis below). (a) WPT8 (procedural learning) predicted agreement 

accuracy (=0.82, R2=0.67, p=0.00), phrase structure (=0.62, R2=0.29, p=0.05), the rule-
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based grammar composite score (=0.82, R2=0.67, p=0.00), and the total score (=0.72, 

R2=0.51, p=0.01).

Attentional aspects of working memory were beneficial for early L2 for learners 

in the explicit condition. (a) The Digit Symbol task (speeded attention) predicted 

accuracy for all dependent variables (agreement: =0.67, R2=0.44, p=0.02; phrase 

structure: =0.62, R2=0.29, p=0.05; rule-based grammar: =0.66, R2=0.44, p=0.02; verb 

argument: =0.57, R2=0.33, p=0.05; total: =0.65, R2=0.42, p=0.02). (b) The Animals 

task (attention/semantic fluency) marginally predicted accuracy for the composite 

variables (rule-based grammar: =0.46, R2=0.22, p=0.10; total: =0.47, R2=0.22, p=0.09).  

(c)  The FAS task (attention/phonemic fluency) marginally predicted accuracy for all 

dependent variables (agreement: =0.46, R2=0.21, p=0.10; phrase structure: =0.51, 

R2=0.26, p=0.07; rule-based grammar: =0.49, R2=0.24, p=0.07; verb argument: =0.48, 

R2=0.23, p=0.08; total: =0.52, R2=0.27, p=0.06). (d) The Sentence Repetition task 

marginally predicted agreement accuracy (=0.44, R2=0.19, p=0.10). 

Aptitude and intelligence predicted low proficiency in the explicit condition. (a) 

MLAT3 Spelling Clues scores (phonetic coding ability and verbal knowledge) predicted 

all dependent measures (agreement: =0.58, R2=0.34, p=0.02; phrase structure: =0.69, 

R2=0.47, p=0.00; rule-based grammar: =0.65, R2=0.43, p=0.01; verb argument: =0.70, 

R2=0.48, p=0.00; total: =0.71, R2=0.50, p=0.00). (b) MLAT4 Words in Sentences scores 

(grammatical sensitivity) predicted accuracy for both agreement (=0.55, R2=0.30, 

p=0.03), phrase structure (=0.56, R2=0.31, p=0.03) rule-based grammar overall (=0.58, 

R2=0.34, p=0.02), and the total score (=0.54, R2=0.29, p=0.04). (c)  As noted above, 
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MLAT5 Paired Associates, a measure of declarative learning, predicted phrase structure 

accuracy (=0.60, R2=0.36, p=0.02) and marginally predicted the rule-based grammar 

composite score (=0.47, R2=0.22, p=0.07). (d) The MLAT short form total score 

predicted all dependent variables (agreement: =0.68, R2=0.46, p=0.00; phrase structure: 

=0.81, R2=0.63, p=0.00; rule-based grammar: =0.76, R2=0.58, p=0.00; verb argument: 

=0.68, R2=0.43, p=0.00; total: =0.77, R2=0.60, p=0.00). (e) The KBIT2-Nonverbal 

subtest scores marginally predicted agreement accuracy (=0.44, R2=0.19, p=0.10) and 

rule-based grammar composite scores (=0.44, R2=0.19, p=0.10). (f) The KBIT2-Verbal 

subtest scores predicted or marginally predicted accuracy for all dependent variables 

(agreement: =0.64, R2=0.41, p=0.01; phrase structure: =0.68, R2=0.46, p=0.00; rule-

based grammar: =0.68, R2=0.47, p=0.00; verb argument: =0.17, R2=0.22, p=0.08; total: 

=0.63, R2=0.39, p=0.01). (g) The KBIT2 composite score predicted accuracy for 

agreement: =0.58, R2=0.34, p=0.02), phrase structure (=0.56, R2=0.32, p=0.03), the 

overall rule-based grammar composite score (=0.60, R2=0.36, p=0.02), and the total 

score (=0.54, R2=0.29, p=0.04).



Table 28. Explicit Condition Regression Coefficients, Low Proficiency. 
Test Ability Agreement Phrase Structure Agr + PS Verb Argument GJT Total

 R2 p  R2 p  R2 p  R2 p  R2 p

AGHF DM 14 0.14 0.02 0.63 0.13 0.02 0.65 0.14 0.02 0.63 -0.17 0.03 0.56 0.01 0.11 0.26

CVLT-II Ttl DM 15 0.48+ 0.23 0.07 0.45+ 0.20 0.09 0.49+ 0.24 0.06 0.27 0.07 0.34 0.42 0.18 0.12

CVMT DM 15 0.74* 0.54 0.00 0.69* 0.48 0.00 0.75* 0.56 0.00 0.63* 0.39 0.01 0.74* 0.55 0.00

AGLF PM 13 -0.08 0.01 0.80 -0.17 0.03 0.59 -0.12 0.01 0.71 0.30 0.09 0.33 0.06 0.00 0.85

WPT8 PM 14# 0.82* 0.67 0.00 0.62* 0.39 0.02 0.82* 0.67 0.00 0.27 0.07 0.35 0.72* 0.51 0.01

Digit Symbol WM-Attn 12 0.67* 0.44 0.02 0.62* 0.29 0.05 0.66* 0.44 0.02 0.57* 0.33 0.05 0.65* 0.42 0.02

Animals WM-Attn 14 0.47+ 0.22 0.09 0.42 0.17 0.14 0.46+ 0.22 0.10 0.42 0.17 0.14 0.47+ 0.22 0.09

FAS WM-Attn 14 0.46+ 0.21 0.10 0.51+ 0.26 0.06 0.49+ 0.24 0.07 0.48+ 0.23 0.08 0.52* 0.27 0.06

Kitchen WM-Attn 14 0.24 0.06 0.40 0.20 0.04 0.50 0.23 0.05 0.42 0.01 0.00 0.97 0.15 0.02 0.61

CVLT-II (1) WM-STM 15 0.08 0.01 0.78 -0.17 0.03 0.55 -0.12 0.01 0.67 -0.13 0.02 0.66 -0.13 0.02 0.65

Nonword Rep WM-STM 15 0.27 0.07 0.33 0.39 0.15 0.15 0.33 0.11 0.23 0.03 0.00 0.91 0.22 0.05 0.43

Sentence Rep WM-STM 15 0.44+ 0.19 0.10 0.34 0.12 0.22 0.42 0.18 0.12 0.19 0.04 0.49 0.34 0.12 0.21

174



Test Ability Agreement Phrase Structure Agr + PS Verb Argument GJT Total

 R2 p  R2 p  R2 p  R2 p  R2 p

MLAT3 Apt 15 0.58* 0.34 0.02 0.69* 0.47 0.00 0.65* 0.43 0.01 0.70* 0.48 0.00 0.71* 0.50 0.00

MLAT4 Apt 15 0.55* 0.30 0.03 0.56* 0.31 0.03 0.58* 0.34 0.02 0.41 0.17 0.13 0.54* 0.29 0.04

MLAT5 Apt/DM 15 0.35 0.12 0.20 0.60* 0.36 0.02 0.47+ 0.22 0.07 0.27 0.07 0.33 0.41 0.17 0.13

MLAT Total Apt 15 0.68* 0.46 0.00 0.81* 0.63 0.00 0.76* 0.58 0.00 0.68* 0.43 0.00 0.77* 0.60 0.00

KBIT2-NV IQ 15 0.44+ 0.19 0.10 0.38 0.15 0.16 0.44+ 0.19 0.10 0.28 0.08 0.32 0.39 0.15 0.15

KBIT2-V IQ 15 0.64* 0.41 0.01 0.68* 0.46 0.00 0.68* 0.47 0.00 0.17+ 0.22 0.08 0.63* 0.39 0.01

KBIT2 Comp IQ 15 0.58* 0.34 0.02 0.56* 0.32 0.03 0.60* 0.36 0.02 0.40 0.16 0.14 0.54* 0.29 0.04

*p<0.05; +p<0.10. #For WPT8, N=13 for Agr, Agr + PS, and GJTtotal.175
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5.3.1.2 Advanced Proficiency

The regression coefficients for explicit condition variables at high proficiency are 

presented in Table 29. The DP model predicts that learners at advanced L2 proficiency 

rely on declarative memory for lexical aspects of grammar only. Nevertheless, results 

indicate that declarative memory measures are predictive of both lexicon and grammar in 

the explicit condition. (a) The CVMT (visual learning) predicted or marginally predicted 

accuracy for all dependent variables (agreement: =0.59, R2=0.35, p=0.02; phrase 

structure: =0.47, R2=0.22, p=0.08; rule-based grammar: =0.54, R2=0.29, p=0.04; verb 

argument: =0.52, R2=0.27, p=0.05; total: =0.54, R2=0.29, p=0.04). (b)  MLAT5 Paired 

Associates (declarative learning) predicted or marginally predicted agreement (=0.50, 

R2=0.25, p=0.06), phrase structure (=0.62, R2=0.38, p=0.02), rule-based grammar 

composite scores (=0.55, R2=0.31, p=0.03), and total scores (=0.46, R2=0.22, p=0.08). 

(c) The remaining declarative memory tests were not predictive.

The DP model predicts that at advanced proficiency, learners may rely on 

procedural memory for grammar. This claim was supported in this analysis (but not 

below, with CVMT scores as covariates). WPT8 scores (procedural learning) predicted 

agreement (=0.85, R2=0.72, p=0.00), phrase structure (=0.86, R2=0.73, p=0.00), rule-

based grammar composite scores (=0.86, R2=0.74, p=0.00), and total scores (=0.80, 

R2=0.64, p=0.00).

Only attentional aspects of working memory predicted advanced L2 proficiency. 

(a) The Digit Symbol task (speeded attention) predicted all dependent measures 

(agreement: =0.80, R2=0.63, p=0.00; phrase structure: =0.77, R2=0.60, p=0.00; rule-

based grammar: =0.79, R2=0.63, p=0.00; verb argument: =0.60, R2=0.36, p=0.04; total: 
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=0.73, R2=0.54, p=0.01). (b) The Animals task scores (attention/semantic fluency) 

marginally predicted verb argument accuracy (=0.46, R2=0.22, p=0.09). (c) The Kitchen 

task scores (attention/semantic fluency) marginally predicted or predicted agreement 

accuracy (=0.51, R2=0.26, p=0.06), phrase structure accuracy (=0.55, R2=0.30, 

p=0.04), rule-based grammar composite scores (=0.53, R2=0.28, p=0.05), and total 

scores (=0.51, R2=0.26, p=0.06). (c) The remaining working memory tests were not 

predictive. 

At advanced proficiency, aptitude and intelligence were predictive in the explicit 

condition (a) MLAT3 Spelling Cues (phonetic coding ability and verbal knowledge) 

predicted or marginally predicted agreement accuracy (=0.58, R2=0.34, p=0.02),  phrase 

structure accuracy (=0.49, R2=0.24, p=0.06), rule-based grammar (=0.55, R2=0.30, 

p=0.04), and total scores (=0.50, R2=0.25, p=0.06). (b) As mentioned above, MLAT5 

Paired Associates (declarative learning) predicted or marginally predicted agreement 

(=0.50, R2=0.25, p=0.06), phrase structure (=0.62, R2=0.38, p=0.02), rule-based 

grammar composite scores (=0.55, R2=0.31, p=0.03), and total scores (=0.46, R2=0.22, 

p=0.08). (c) The MLAT short form total score, which combines the scores from the three 

subtests, predicted or marginally predicted accuracy on all dependent measures 

(agreement: =0.65, R2=0.42, p=0.01; phrase structure: =0.61, R2=0.37, p=0.02; rule-

based grammar: =0.64, R2=0.41, p=0.01; verb argument: =0.48, R2=0.23, p=0.07; total: 

=0.59, R2=0.34, p=0.02). (d) The KBIT2-Verbal subtest scores predicted or marginally 

predicted all dependent variables (agreement: =0.54, R2=0.29, p=0.04; phrase structure: 

=0.51, R2=0.26, p=0.05; rule-based grammar: =0.53, R2=0.28, p=0.04; verb argument: 
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=0.51, R2=0.26, p=0.05; total: =0.53, R2=0.28, p=0.04). (e) The KBIT2-Composite 

scores marginally predicted agreement accuracy (=0.27, R2=0.22, p=0.08), phrase 

structure accuracy (=0.49, R2=0.24, p=0.07), rule-based grammar composite scores 

(=0.48, R2=0.23, p=0.07) and total scores (=0.46, R2=0.22, p=0.08).



Table 29. Explicit Condition Regression Coefficients, Advanced Proficiency.
Test Ability Agreement Phrase Structure Agr + PS Verb Argument GJT Total

 R2 p  R2 p  R2 p  R2 p  R2 P

AGHF DM 14 0.02 0.00 0.93 0.11 0.01 0.71 0.06 0.00 0.84 0.07 0.00 0.82 0.06 0.00 0.83

CVLT-II Ttl DM 15 0.28 0.08 0.32 0.22 0.05 0.42 0.26 0.06 0.36 0.09 0.01 0.76 0.19 0.04 0.49

CVMT DM 15 0.59* 0.35 0.02 0.47+ 0.22 0.08 0.54* 0.29 0.04 0.52* 0.27 0.05 0.54* 0.29 0.04

AGLF PM 13 -0.06 0.00 0.85 -0.04 0.00 0.90 -0.05 0.00 0.87 -0.18 0.03 0.55 -0.10 0.01 0.74

WPT8 PM 13# 0.85* 0.72 0.00 0.86* 0.73 0.00 0.86* 0.74 0.00 0.41 0.17 0.14 0.80+ 0.64 0.00

Digit Symbol WM-Attn 12 0.80* 0.63 0.00 0.77* 0.60 0.00 0.79* 0.63 0.00 0.60* 0.36 0.04 0.73* 0.54 0.01

Animals WM-Attn 14 0.43 0.18 0.13 0.27 0.07 0.35 0.36 0.13 0.20 0.46+ 0.22 0.09 0.41 0.17 0.14

FAS WM-Attn 14 0.39 0.15 0.17 0.40 0.16 0.16 0.40 0.16 0.16 0.32 0.10 0.26 0.38 0.14 0.18

Kitchen WM-Attn 14 0.51+ 0.26 0.06 0.55* 0.30 0.04 0.53* 0.28 0.05 0.44 0.19 0.12 0.51+ 0.26 0.06

CVLT-II (1) WM-STM 15 -0.31 0.09 0.27 -0.34 0.11 0.22 -0.32 0.10 0.24 -0.37 0.14 0.17 -0.35 0.12 0.21

Nonword Rep WM-STM 15 0.24 0.06 0.40 0.13 0.02 0.64 0.19 0.04 0.49 0.20 0.04 0.47 0.20 0.04 0.48

Sentence Rep WM-STM 15 0.33 0.11 0.23 0.39 0.15 0.15 0.36 0.13 0.19 0.39 0.15 0.15 0.38 0.14 0.17
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Test Ability Agreement Phrase Structure Agr + PS Verb Argument GJT Total

 R2 p  R2 p  R2 p  R2 p  R2 P

MLAT3 Apt 15 0.58* 0.34 0.02 0.49+ 0.24 0.06 0.55* 0.30 0.04 0.41 0.17 0.13 0.50+ 0.25 0.06

MLAT4 Apt 15 0.38 0.14 0.16 0.38 0.14 0.17 0.38 0.15 0.16 0.34 0.12 0.21 0.37 0.14 0.17

MLAT5 Apt/DM 15 0.50+ 0.25 0.06 0.62* 0.38 0.02 0.55* 0.31 0.03 0.30 0.09 0.28 0.46+ 0.22 0.08

MLAT Total Apt 15 0.65* 0.42 0.01 0.61* 0.37 0.02 0.64* 0.41 0.01 0.48+ 0.23 0.07 0.59* 0.34 0.02

KBIT2-NV IQ 15 0.34 0.12 0.21 0.40 0.16 0.13 0.37 0.14 0.17 0.28 0.08 0.31 0.34 0.12 0.21

KBIT2-V IQ 15 0.54* 0.29 0.04 0.51* 0.26 0.05 0.53* 0.28 0.04 0.51* 0.26 0.05 0.53* 0.28 0.04

KBIT2 Comp IQ 15 0.27+ 0.22 0.08 0.49+ 0.24 0.07 0.48+ 0.23 0.07 0.42 0.80 0.12 0.46+ 0.22 0.08

*p<0.05; +p<0.10. #For WPT8, N=14 for VA.180
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5.3.2 Implicit Condition

5.3.2.1 Low Proficiency

The regression coefficients for implicit condition variables at low proficiency are 

presented in Table 30. The DP model predicts that learners rely on declarative memory at 

low proficiency for both rule-based grammar and lexical grammar. This was partially 

supported. (a) The Artificial Grammar, High Frequency d-prime score marginally 

predicted agreement accuracy (=0.53, R2=0.28, p=0.05). (b) CVLT-II total scores 

marginally predicted agreement accuracy (=0.47, R2=0.22, p=0.09). (c) CVMT scores 

marginally predicted the rule-based grammar composite score (=0.46, R2=0.21, p=0.10). 

(d) MLAT5 Paired Associates scores (declarative learning) predicted or marginally 

predicted accuracy for agreement (=0.54, R2=0.29, p=0.05), verb argument (=0.53, 

R2=0.28, p=0.05), and total scores (=0.58, R2=0.23, p=0.08). (b) Other declarative 

memory measures were not predictive.  

The DP model predicts that learners do not rely on procedural memory at low

proficiency. This was partially supported by unexpected negative regression coefficients. 

WPT8 performance (procedural learning) inversely predicted phrase structure accuracy 

(=-0.69, R2=0.48, p=0.01), overall rule-based grammar composite scores (=-0.62, 

R2=0.38, p=0.03), and total scores (=-0.657, R2=0.26, p=0.05). These results suggest that 

better procedural memory abilities were not conducive to early language learning for 

learners in the implicit condition. 

For participants in the implicit condition, stronger working memory facilitated 

learning. (a) The Digit Symbol task (speeded attention) strongly predicted accuracy on all 

dependent measures (agreement: =0.88, R2=0.77, p=0.00; phrase structure: =0.71, 
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R2=0.51, p=0.05; rule-based grammar: =0.89, R2=0.80, p=0.00; verb argument: =0.84, 

R2=0.71, p=0.01; total: =0.89, R2=0.80, p=0.00). (b) The Animals task 

(attention/semantic fluency) predicted or  marginally predicted accuracy for agreement 

(=0.50, R2=0.25, p=0.08), phrase structure (=0.54, R2=0.29, p=0.06), rule-based 

grammar composite scores (=0.56, R2=0.31, p=0.05), and total scores (=0.51, R2=0.26, 

p=0.08). (c) The Kitchen task (attention/semantic fluency) predicted accuracy for 

agreement (=0.61, R2=0.37, p=0.03), phrase structure (=0.58, R2=0.34, p=0.04), rule-

based grammar composite scores (=0.65, R2=0.42, p=0.02), and total scores (=0.59, 

R2=0.35, p=0.03). (d) CVLT-II , Trial 1 scores (short-term memory) strongly predicted 

accuracy for agreement (=0.68, R2=0.38, p=0.02), phrase structure (=0.59, R2=0.34, 

p=0.04), rule-based grammar composite scores (=0.76, R2=0.57, p=0.00), and total 

scores (=0.66, R2=0.44, p=0.01). (e) The Nonword Repetition task (4-syllable subtest; 

short-term memory) predicted or marginally predicted accuracy for agreement (=0.55, 

R2=0.30, p=0.04), rule-based grammar composite scores (=0.48, R2=0.23, p=0.08), verb 

argument (=0.62, R2=0.38, p=0.02), and total scores (=0.55, R2=0.31, p=0.04). (e) The 

Sentence Repetition task (short-term memory) predicted or marginally predicted phrase 

structure accuracy (=0.50, R2=0.35, p=0.02), rule-based grammar composite scores 

(=0.52, R2=0.27, p=0.06), and total scores (=0.48, R2=0.23, p=0.08).

Aptitude and intelligence were limited predictors. (a) The MLAT4 Words in 

Sentences score marginally predicted phrase structure accuracy (=0.46, R2=0.21, 

p=0.10). (b) As discussed above, MLAT5 Paired Associates scores predicted or 

marginally predicted accuracy for agreement (=0.54, R2=0.29, p=0.05), verb argument 
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(=0.53, R2=0.28, p=0.05), and total scores (=0.58, R2=0.23, p=0.08). (c) The MLAT 

short form total score marginally predicted agreement accuracy (=0.50, R2=0.26, 

p=0.07) and rule-based grammar composite scores (=0.46, R2=0.22, p=0.10). (d) The 

remaining tests were not predictive.



Table 30. Implicit Condition Regression Coefficients, Low Proficiency.
Test Ability Agreement Phrase Structure Agr + PS Verb Argument GJT Total

 R2 p  R2 p  R2 p  R2 p  R2 p

AGHF DM 13 0.52+ 0.27 0.07 -0.06 0.00 0.84 0.26 0.07 0.38 0.43 0.18 0.15 0.34 0.11 0.26

CVLT-II Ttl DM 14 0.47+ 0.22 0.09 0.33 0.11 0.25 0.44 0.19 0.12 0.38 0.15 0.17 0.43 0.18 0.13

CVMT DM 14 0.43 0.18 0.13 0.43 0.18 0.13 0.46+ 0.21 0.10 0.24 0.06 0.40 0.39 0.15 0.17

AGLF PM 13 -0.05 0.00 0.86 0.26 0.07 0.38 -0.31 0.09 0.31 0.01 0.00 0.98 -0.28 0.08 0.34

WPT8 PM 12 -0.47 0.22 0.12 -0.69* 0.48 0.01 -0.62* 0.38 0.03 -0.45 0.20 0.14 -0.57* 0.26 0.05

Digit Symbol WM-Attn 8 0.88* 0.77 0.00 0.71* 0.51 0.05 0.89* 0.80 0.00 0.84* 0.71 0.01 0.89* 0.80 0.00

Animals WM-Attn 13 0.50+ 0.25 0.08 0.54+ 0.29 0.06 0.56* 0.31 0.05 0.39 0.15 0.18 0.51+ 0.26 0.08

FAS WM-Attn 13 0.26 0.07 0.38 0.31 0.10 0.30 0.31 0.09 0.31 0.08 0.01 0.78 0.23 0.05 0.46

Kitchen WM-Attn 13 0.62* 0.38 0.02 0.59* 0.34 0.04 0.65* 0.42 0.02 0.46 0.21 0.12 0.59* 0.35 0.03

CVLT-II (1) WM-STM 13 0.70* 0.49 0.01 0.73* 0.53 0.00 0.76* 0.57 0.00 0.47 0.22 0.11 0.66* 0.44 0.01

Nonword Rep WM-STM 14 0.55* 0.30 0.04 0.33 0.11 0.24 0.48+ 0.23 0.08 0.62* 0.38 0.02 0.55* 0.31 0.04

Sentence Rep WM-STM 14 0.38 0.15 0.18 0.50* 0.35 0.02 0.52+ 0.27 0.06 0.39 0.15 0.17 0.48+ 0.23 0.08
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Test Ability Agreement Phrase Structure Agr + PS Verb Argument GJT Total

 R2 p  R2 p  R2 p  R2 p  R2 p

MLAT3 Apt 14 0.12 0.01 0.69 0.04 0.00 0.90 0.05 0.00 0.87 0.09 0.01 0.77 -0.00 0.00 0.99

MLAT4 Apt 14 0.25 0.06 0.38 0.46+ 0.21 0.10 0.38 0.14 0.18 0.13 0.02 0.65 0.29 0.08 0.31

MLAT5 Apt/DM 14 0.54* 0.29 0.05 0.24 0.06 0.41 0.43 0.18 0.13 0.53* 0.28 0.05 0.48+ 0.23 0.08

MLAT Total Apt 14 0.50+ 0.26 0.07 0.35 0.12 0.23 0.46+ 0.22 0.10 0.28 0.08 0.32 0.41 0.16 0.15

KBIT2-NV IQ 14 0.33 0.11 0.25 0.04 0.00 0.90 0.21 0.04 0.47 0.17 0.03 0.56 0.20 0.04 0.49

KBIT2-V IQ 14 -0.10 0.01 0.72 -0.01 0.00 0.96 -0.07 0.00 0.82 -0.12 0.01 0.69 -0.09 0.01 0.76

KBIT2 Comp IQ 14 0.14 0.02 0.64 0.01 0.00 0.96 0.09 0.01 0.77 0.03 0.00 0.92 0.07 0.00 0.82

*p<0.05; +p<0.10.
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5.3.2.2 Advanced Proficiency

The regression coefficients for implicit condition variables at high proficiency are 

presented in Table 31. The DP model predicts that learners at advanced L2 proficiency 

rely on declarative memory for lexicon. In the current investigation, measures of 

declarative memory should predict verb argument only. This was partially supported. (a) 

Artificial Grammar, High Frequency d-prime scores marginally inversely predicted 

phrase structure accuracy (=-0.52, R2=0.27, p=0.07). (b) MLAT5 Paired Associates 

subtest scores (declarative learning) predicted verb argument accuracy (=0.68, R2=0.46, 

p=0.00) and marginally predicted total scores (=0.49, R2=0.24, p=0.07). (c) However, 

contrary to expectations, CVMT scores (visual learning) predicted phrase structure 

accuracy (=0.54, R2=0.29, p=0.05).

The DP model posits that at advanced L2, learners may rely on procedural 

memory for grammar. This claim was not supported in data for the implicit condition. 

Neither measure of procedural memory was predictive.

At advanced proficiency, more working memory was beneficial. (a) The Digit 

Symbol task (speeded attention) predicted or marginally predicted accuracy for all 

dependent measures (agreement: =0.61, R2=0.38, p=0.10; phrase structure =0.72, 

R2=0.51, p=0.04; rule-based grammar: =0.69 R2=0.48, p=0.06; verb argument: =0.67, 

R2=0.44, p=0.07; total: =0.69, R2=0.47, p=0.06). (b) The Animals task 

(attention/semantic fluency) predicted phrase structure accuracy (=0.58, R2=0.34, 

p=0.04). (c) The Kitchen task (attention/semantic fluency) marginally predicted verb 

argument accuracy (=0.49, R2=0.24, p=0.09) and total scores (=0.50, R2=0.25, p=0.08). 

(d) The CVLT-II , trial 1 (short-term memory) predicted accuracy for agreement 
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(=0.55, R2=0.30, p=0.05), phrase structure (=0.58, R2=0.33, p=0.04), rule-based 

grammar composite scores (=0.58, R2=0.34, p=0.04), and total scores (=0.58, R2=0.33, 

p=0.04). (e) The Nonword Repetition task (4-syllable subtest; short-term memory) 

marginally predicted verb argument accuracy (=0.51, R2=0.26, p=0.06). (e) The 

remaining working memory tests were not predictive.

Aptitude and intelligence were not particularly predictive. (a) As mentioned 

above, the MLAT5 Paired Associates subtest scores (declarative learning) predicted verb 

argument accuracy (=0.68, R2=0.46, p=0.00) and marginally predicted total scores 

(=0.49, R2=0.24, p=0.07). (b) The KBIT2 verbal subtest obtained a negative regression 

coefficient with agreement accuracy (B=-0.59, R2=0.35, p=0.03) and rule-based grammar 

composite scores (B=-0.58, R2=0.34, p=0.03). (c) The remaining tests were not predictive.



Table 31. Implicit Condition Regression Coefficients, Advanced Proficiency. 
Agreement Phrase Structure Agr + PS Verb Argument GJT Total

 R2 p  R2 p  R2 p  R2 p  R2 p

AGHF DM 14 -0.08 0.01 0.80 -0.52+ 0.27 0.07 0.02 0.00 0.95 -0.24 0.06 0.44 0.02 0.00 0.96

CVLT-II Ttl DM 15 0.38 0.14 0.18 0.36 0.13 0.20 0.39 0.15 0.16 0.33 0.11 0.25 0.40 0.16 0.16

CVMT DM 15 0.32 0.10 0.26 0.54* 0.29 0.05 0.39 0.15 0.17 0.20 0.04 0.50 0.34 0.12 0.23

AGLF PM 13 0.04 0.00 0.91 0.02 0.00 0.94 0.03 0.00 0.91 -0.09 0.01 0.76 -0.01 0.00 0.97

WPT8 PM 14 -0.09 0.01 0.78 0.31 0.10 0.32 -0.15 0.02 0.65 0.12 0.02 0.71 -0.15 0.02 0.64

Digit Symbol WM-Attn 12 0.61+ 0.38 0.10 0.72* 0.51 0.04 0.69* 0.48 0.06 0.67+ 0.44 0.07 0.69+ 0.47 0.06

Animals WM-Attn 14 0.32 0.10 0.28 0.58* 0.34 0.04 0.40 0.16 0.18 0.29 0.08 0.34 0.39 0.15 0.19

FAS WM-Attn 14 0.07 0.00 0.82 0.30 0.09 0.32 0.13 0.02 0.68 -0.03 0.00 0.92 0.08 0.01 0.80

Kitchen WM-Attn 14 0.43 0.18 0.15 0.41 0.16 0.17 0.44 0.19 0.13 0.49+ 0.24 0.09 0.50+ 0.25 0.08

CVLT-II (1) WM-STM 15 0.55* 0.30 0.05 0.58* 0.33 0.04 0.58* 0.34 0.04 0.46 0.21 0.12 0.58* 0.33 0.04

Nonword Rep WM-STM 15 0.09 0.01 0.75 0.11 0.01 0.70 0.10 0.01 0.73 0.51+ 0.26 0.06 0.28 0.08 0.34

Sentence Rep WM-STM 15 0.25 0.06 0.38 0.25 0.06 0.39 0.26 0.07 0.36 0.29 0.08 0.32 0.30 0.09 0.30
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Agreement Phrase Structure Agr + PS Verb Argument GJT Total

 R2 p  R2 p  R2 p  R2 p  R2 p

MLAT3 Apt 15 0.10 0.01 0.74 0.19 0.04 0.51 -0.03 0.00 0.92 0.25 0.06 0.40 -0.12 0.01 0.68

MLAT4 Apt 15 0.31 0.10 0.28 0.27 0.08 0.34 0.32 0.10 0.27 0.13 0.02 0.65 0.27 0.07 0.35

MLAT5 Apt/DM 15 0.34 0.11 0.24 0.23 0.05 0.44 0.33 0.11 0.26 0.68* 0.46 0.00 0.49+ 0.24 0.07

MLAT Total Apt 15 0.27 0.07 0.35 0.41 0.17 0.14 0.32 0.10 0.27 0.24 0.06 0.41 0.31 0.10 0.28

KBIT2-NV IQ 15 0.04 0.00 0.88 0.20 0.01 0.72 0.06 0.00 0.84 0.41 0.17 0.15 0.20 0.04 0.48

KBIT2-V IQ 15 -0.59* 0.35 0.03 -0.43 0.19 0.12 -0.58* 0.34 0.03 -0.04 0.00 0.89 -0.41 0.17 0.14

KBIT2 Comp IQ 15 -0.29 0.08 0.32 0.16 0.03 0.58 -0.27 0.07 0.35 0.21 0.04 0.47 -0.10 0.01 0.73

*p<0.05; +p<0.10.
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5.3.3 Summary of Simple Linear Regression Analysis

Measures of declarative memory predicted grammar and lexical aspects of 

grammar at low and advanced proficiency in both conditions. For learners in the explicit 

condition, declarative memory predicted all three structures (and composite scores) at 

both levels of proficiency. The CVMT was the main predictor variable in the explicit 

condition, predicting or marginally predicting all three structures (and composite scores) 

at both proficiency levels. For learners in the implicit condition, declarative memory’s 

predictive capacity was more limited, failing to predict phrase structure and verb 

argument accuracy at low proficiency, and failing to predict agreement and verb 

argument accuracy at advanced proficiency. The Artificial Grammar, High Frequency d-

prime scores predicted agreement and verb argument accuracy at low proficiency, but 

negatively predicted phrase structure at advanced proficiency. This suggests that implicit, 

frequency-based rule chunking processes were helpful for learning agreement and verb 

argument structures initially; however, those same abilities, applied to phrase structure at 

advanced proficiency, were not helpful. In sum, results suggest that declarative memory 

contributed to language development for both rule-based grammar and lexical aspects of 

grammar throughout the course of learning, not just at low proficiency. Declarative 

memory more consistently predicted all three structures in the explicit condition. At low 

proficiency, and the regression values were larger in the explicit condition versus the 

implicit condition. 

Procedural memory abilities, as indexed by WPT8, predicted both low and 

advanced proficiency in the explicit condition, but inversely predicted low proficiency for 

the implicit condition. In the explicit condition, procedural memory predicted rule-based 
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grammar (agreement and phrase structure), but not lexical grammar (verb argument). In 

the implicit condition, procedural memory abilities inversely predicted phrase structure 

accuracy. Otherwise, procedural memory was not predictive in the implicit condition. 

These results provide support for the notion that procedural memory only contributes to 

rule-based grammar in L2, and not to all aspects of language. However, it is noted that in 

the explicit condition, WPT8 scores correlated with CVMT scores, suggesting that there 

may be an interaction between declarative memory and WPT8 performance or vice versa.

Further analyses below will address this issue (Section 5.4). 

The predictive capacity of working memory differed between the two 

instructional conditions. In the explicit condition, attentional aspects of working 

memory—and not short-term memory—predicted both low and advanced proficiency. In 

the implicit condition, both attention and short-term memory predicted proficiency at 

both low and advanced proficiency; however, predictive strength was more limited at the 

advanced level. This analysis indicates that more working memory predicts better 

proficiency, without indicating whether learners relied on declarative or procedural 

memory. 

Aptitude and intelligence measures predicted low and advanced proficiency in the 

explicit condition, but were of more limited predictive value in the implicit condition. For 

explicit learners, aptitude measures, especially MLAT total scores and KBIT2-Verbal 

scores, predicted low and advanced proficiency. For implicit learners, MLAT total and 

subtest scores were weak predictors at low proficiency, and even weaker at advanced 

proficiency. Intelligence measures were negatively correlated with implicit proficiency, a 

relationship that became significant for Agreement accuracy and the rule-based 
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composite scores at advanced proficiency. Clearly there are different routes to 

proficiency benchmarks in the two learning conditions. 

5.4 Forced Entry Multiple Regression for CVMT d-prime and WPT8 Scores

Results reported above suggest that CVMT d-prime scores and WPT8 scores are 

predictive in the same contexts. Given that scores for these two measures are correlated 

positively in the explicit condition (Section 5.1.4), it was possible that the two measures

were tapping the same underlying ability. This issue was examined through multiple 

regression using the forced entry procedure. Both independent variables were entered 

simultaneously. Tolerance statistics were acceptably high for both conditions, indicating 

the variables were not strongly multicollinear (explicit: 0.73;  implicit: 0.66). To test for 

multivariate outliers in the model, the Mahalanobis distance statistic, a measure of 

leverage, and the Cook’s distance statistic, a measure of influence, were computed. The 

two independent variables entered into these analysis were CVMT d-prime scores and 

WPT8. For Mahalanobis distance, no values exceeded the critical value (13.82). For 

Cook’s distance, several cases11 for one learner in the explicit condition displayed D

values over 1.5, the cutoff used in this investigation12. Outlier data was excluded for each 

case. Follow-up Mahalanobis and Cook’s distance statistics were within the cutoff ranges 

used in this investigation. In these analyses, values for tolerance tests were high, 

                                                
11 A case refers to the relationship between the independent and dependent variables for any individual 
learner within the centroid matrix depicting trends for the larger group. 
12 This cutoff level for Cook’s distances is higher than is typically recommended. A higher level was 
chosen because given the small sample size, where it is inevitable that each participant will exert higher 
levels of influence than would occur in a larger sample size. D values frequently surpassed a cutoff value of 
1.0. In several analyses, eliminating learners between 1.0 and 1.5 only created more outlier cases in follow-
up analyses. Even with the higher cutoff score, in some cases, reported below, data failed to stabilize below 
1.5 after two rounds of eliminations. In these cases, no outlier data were eliminated because elimination 
was not helpful. 
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indicating that the independent variables in each analysis were not multicollinear ( >0.66; 

Field, 2005). The analyses are presented next

5.4.1 Explicit Condition

In the explicit condition, entering CVMT d-prime scores and WPT8 scores as 

covariates changed aspects of the trends reported above in the simple linear regression 

analysis. At low proficiency, the CVMT was a slightly stronger predictor overall once 

shared variance with WPT8 was partialed out, displaying slightly larger regression values

on 4/5 of cases. The large, positive, significant regression values observed for WPT8 

disappeared once shared variance with CVMT scores was removed. At advanced 

proficiency, CVMT regression values were roughly similar to those reported in the 

simple linear regression—positive, significant regression coefficients across all five 

cases. However, the predictiveness of WPT8 scores disappeared once CVMT covariance 

was controlled. Thus, in the explicit condition, declarative memory predicted L2 

proficiency at both  testing times, but procedural memory did not. 

5.4.2 Implicit Condition

In the implicit condition, multiple regression indicated that with shared 

covariance removed, neither the CVMT nor WPT8 were highly predictive. In one case

only, Phrase Structure at low proficiency, there was a large, negative regression value. 

Otherwise, neither measure uniquely predicted proficiency. 

5.4.3 Summary

Forced entry multiple regression indicated that the correlation  between CVMT 

and WPT8 scores in the explicit condition interacted with the prognostic capacity of both 

measures, particularly WPT8. It is concluded that procedural memory did not play the
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important role in the explicit condition suggested in simple linear regression analyses.

Declarative memory predicted low and advanced L2 in the explicit condition, but not the 

implicit condition. This suggests that explicit instruction promotes the development of 

declarative representations of L2, as was hypothesized. 



Table 32. Forced Entry Multiple Regression to Examine Covariance of CVMT d-prime and WPT8 Scores.
Agr PS Agr + PS VA GJT TotalGrp Level Predictor

 R2 p  R2 p  R2 p  R2 p  R2 p

Exp Low CVMT 0.66* --- 0.01 0.72* --- 0.00 0.70* --- 0.00 0.77* --- 0.01 0.77* --- 0.00

. WPT8 0.18 --- 0.43 0.24 --- 0.18 0.21 --- 0.30 -0.13 --- 0.61 0.07 --- 0.72

Model 0.77 0.60 0.01 0.88 0.76 0.00 0.83 0.69 0.00 0.71 0.50 0.02 0.81 0.66 0.00

Adv CVMT 0.57* --- 0.03 0.48+ --- 0.10 0.54* --- 0.05 0.59* --- 0.05 0.57* --- 0.05

WPT8 0.29 --- 0.24 0.28 --- 0.32 0.29 --- 0.26 0.11 --- 0.70 0.22 --- 0.39

Model 0.76 0.58 0.01 0.66 0.44 0.04 0.73 0.53 0.02 0.65 0.42 0.05 0.71 0.50 0.02

Imp Low CVMT 0.25 --- 0.50 -0.01 --- 0.98 0.14 --- 0.67 -0.12 --- 0.74 0.04 --- 0.90

WPT8 -0.32 --- 0.38 -0.70* --- 0.04 -0.54 --- 0.13 -0.52 --- 0.18 -0.55 --- 0.14

Model 0.51 0.26 0.26 0.69 0.48 0.05 0.63 0.40 0.10 0.46 0.22 0.34 0.58 0.33 0.16

Adv CVMT 0.37 --- 0.37 0.56 --- 0.14 0.43 --- 0.29 0.09 --- 0.83 0.34 --- 0.41

WPT8 0.13 --- 0.75 0.01 --- 0.97 0.11 --- 0.79 -0.07 --- 0.87 0.05 --- 0.91

Model 0.31 0.10 0.63 0.55 0.30 0.20 0.38 0.14 0.50 0.14 0.02 0.91 0.31 0.10 0.64

Explicit N=14. Implicit N=13, except for Verb Argument at advanced proficiency, where N=14. *p<0.05; +p<0.10
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5.5 Regression Analyses for Successful and Unsuccessful Declarative and Procedural 

Memory Learners within Conditions to Examine RQ1 and RQ2

Above, the relationships between declarative and procedural memory abilities and 

low and advanced L2 proficiency were examined through simple linear regression and 

multiple regression analyses. Data were further examined, however, because pilot data

suggested that a nonlinear curve might better describe the data in some cases, and 

because different neural activation has been associated with weak and strong memory 

abilities (Chapter 1). In pilot analyses, learners in the implicit condition with strong

memory abilities displayed a different set of results from those reported for whole-group 

data above. To investigate these patterns, three statistical tests were performed: quadratic 

regression, simple linear regression and Chow tests (Chow, 1960). 

Quadratic regression examined whether a curve was a better fit for data than the 

linear data reported above. In these analyses, CVMT d-prime scores and WPT8 scores 

served as independent measures and as covariates for each other. For these analyses, for 

each learning condition, all learners were included (after elimination of outlier cases; see 

below). Quadratic regression results are reported first. 

Next, the linear patterns of subgroups of successful and unsuccessful declarative 

memory learners (SDLs and UDLs) and successful and unsuccessful procedural memory 

learners (SPLs and UPLs) are examined. Subgroups were determined by a median split 

method. Medians were determined after combining all participant data from both 

conditions. The subgroup analysis was conducted to determine whether learners who 

were particularly strong in one ability relied on that ability to learn the L2, indicating that 

the memory systems might compensate for or compete with each other. The analysis of 
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declarative memory subgroups used simple linear regression, while the analysis of 

procedural memory subgroups used forced entry multiple regression, where the CVMT 

was entered as a covariate. Multiple regression was not used for the declarative memory 

subgroups because WPT8 data were not obtained for every participant in the explicit 

SDL group, leading to very uneven group sizes.

Finally, to determine whether subgroup regression lines differed significantly 

between successful and unsuccessful learners in each memory group, Chow test statistics 

were computed. In SPSS, Chow tests follow a hierarchical, forced entry regression 

procedure. In the first step, a regression line was determined for the entire sample. Then, 

in a second step, data from one subgroup were entered. This step allows one to consider 

whether the subgroup’s regression line differs significantly from the whole group 

regression line. This is evident by a change in R2 between the first and second steps with

an alpha level below 0.05. A significant change in R2 indicates that the subgroups’

regression lines are significantly different from each other.

Before commencing analyses, L2 proficiency scores between subgroups were 

compared. Two two-way repeated measures ANOVAs indicated subgroups of declarative

learners and subgroups of procedural learners were matched at proficiency benchmarks. 

For each analysis, there were two within-subjects factors, level (low, advanced) and 

structure (agreement, phrase structure, verb argument), and two between-subjects factors, 

instructional condition (explicit, implicit) and either declarative memory subgroup 

(unsuccessful, successful) or procedural memory subgroup (unsuccessful, successful). 

Neither analysis obtained a significant interaction effect for Level x Structure x Condition 
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x Subgroup (declarative memory subgroups, F(1, 25)=0.01, p=0.93, 2=0.00; procedural 

memory subgroups, F(1, 22)=0.34, p=0.57, 2=0.02).

5.5.1 Multivariate Outliers, Normality and Subgroups 

5.5.1.1 Multivariate Outliers and Quadratic Regression

Data for learners in both conditions at both levels of proficiency were examined 

for the presence of multivariate outliers. The Mahalanobis distance statistic, a measure of 

leverage, and the Cook’s distance statistic, a measure of influence, were computed. For 

analyses focusing on declarative memory, the independent variables were WPT8, CVMT 

d-prime scores, and squared CVMT d-prime scores. The dependent variables for Cook’s 

distances were the GJT subtests and total scores. For the Mahalanobis distance test, all

participants displayed D values below the critical value (16.27). However, Cook’s 

distances indicated the presence of outlier data (D>1.50) in both conditions. For the 

explicit condition, outlier cases for two participants were eliminated in a first round. This 

created new outlier cases for the same learners. These were eliminated in a second round, 

and afterwards D values were below 1.5. For the implicit condition, one participant 

displayed D values above 1.5 for all dependent variables. When these cases were 

eliminated, new outlier cases were created within the remaining data. When these were 

eliminated in a second analysis, additional outlier cases were created. Because 

eliminating the initial outlier cases was not helpful in stabilizing the data, all learners

were retained in the declarative memory analysis for the implicit condition. 

For analyses involving WPT8, the independent variables were CVMT d-prime 

scores, WPT8 scores, and squared WPT8 scores. Mahalanobis distances were well under 

the critical value (16.27). However, Cook’s distance statistics indicated the presence of 
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outlier cases (D>1.5) in the explicit condition. These cases were eliminated, and the 

follow-up analysis indicated all D values were within the pre-established ranges.

5.5.1.2 Normality and Subgroups 

Subgroups (i.e., successful/unsuccessful learners) were examined for normal 

distributions on all independent and dependent measures. Dividing learners into 

subgroups based on median splits resulted in some non-normal distributions (K-S tests)

and some outliers (boxplot graphs). Because of the small number of participants, no 

changes were made to data, such as transformation, or elimination of outliers in 

subgroups. It is noted that is not clear that outliers in small samples are truly anomalous 

or whether they represent a population that is under-represented in the small sample size. 

In addition, because of the small groups, Cook’s tests were not run because cases could 

not be eliminated. To address non-normality, in the subgroup analyses that follow, 

regression coefficients that describe relationships between one or two significantly non-

normal distributions will be annotated with a superscript n (n). Marginally significant 

non-normal distributions will not be annotated.

5.5.2 Successful and Unsuccessful Declarative Learners 

This analysis examined whether the contribution of declarative memory to L2 

proficiency varied for successful and unsuccessful declarative learners. Results from 

whole-group quadratic regression and subgroup analyses using linear regression and 

Chow tests are reported next.

5.5.2.1 Quadratic Regression

In this analysis, GJT1 and GJT2 subtests, as well as the combined rule-based 

grammar score (average of Agreement + Phrase Structure) and composite GJT scores 
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(average of Agreement + Phrase Structure + Verb Argument) were regressed against 

squared CVMT d-prime scores to ascertain whether a nonlinear equation fit data better 

than linear data reported above. WPT8 scores were entered as covariates.

5.5.2.1.1 Explicit condition. Quadratic regression indicated that a curved line was 

a poor fit for the data in the explicit condition at low proficiency. However, at advanced 

proficiency, quadratic regression coefficients were significant or marginally significant 

for Phrase Structure (=-2.83, p=0.01), rule-based composite scores (=-2.05, p=0.04), 

Verb Argument (=-3.25, p=0.06) and total scores (=-2.56, p=0.06). The quadratic 

equation appears to be a better fit for Phrase Structure; however, results are comparably 

significant for the remaining dependent variables. Appendix E provides scatter plots of 

the regression analyses. These indicate that in the explicit condition, the CVMT’s

predictive value tapered off for learners with higher CVMT d-prime scores in a linear 

pattern in some cases, an asymptotic pattern in some cases, or in a curvilinear pattern 

with a bend downwards to account for a slightly lower GJT score for the participant with 

the highest CVMT score. In general, learners with the highest scores on the CVMT were 

also high scorers on proficiency measures. Compared to results from multiple regression 

analysis, only the quadratic value for Phrase Structure accuracy at advanced proficiency 

appears to be substantially more significant than the linear term. Visual inspection of

scatter plots suggests the significant quadratic trend may be unduly influenced by an 

outlier case. Thus, this observation, together with the observation that  the other 

significant quadratic terms have comparable alpha levels to the multiple linear regression 

model terms, in a nod to selecting the simpler explanation whenever possible, it is 
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suggested that the linear analyses yielded the more reliable description of the relationship 

between CVMT scores and proficiency in the explicit condition. .

5.5.2.1.2 Implicit condition. Quadratic regression yielded no significant effects for 

either level of proficiency in the implicit condition. Appendix E provides graphs of the 

regression analyses.

Table 33. Results of Multiple Regression and Quadratic Regression Analysis for CVMT 
d-prime Scores and Dependent Variables with WPT8 as Covariate.

Agreement Phrase Struc Agr + PS Verb Arg TotalGrp Level Meth.

 p  p  p  p  p

Exp Low MR 0.66* 0.01 0.72* 0.00 0.70* 0.00 0.77* 0.01 0.77* 0.00

. QR -1.62 0.21 -0.82 0.42 -1.35 0.23 1.48 0.47 -0.89 0.47

Adv MR 0.57* 0.03 0.48+ 0.10 0.54* 0.05 0.59* 0.05 0.57* 0.05

QR -1.98 0.13 -2.83* 0.01 -2.05* 0.04 -3.25+ 0.06 -2.56+ 0.06

Imp Low MR 0.25 0.50 -0.01 0.98 0.14 0.67 -0.12 0.74 0.04 0.90

QR 3.13 0.22 2.97 0.16 3.29 0.15 2.97 0.26 3.26 0.18

Adv MR 0.37 0.37 0.56 0.14 0.43 0.29 0.09 0.83 0.34 0.41

QR -1.27 0.67 -1.56 0.55 -1.39 0.63 3.76 0.20 0.48 0.87

MR=Multiple Regression. QR=Quadratic Regression. For MR: Explicit N=14. Implicit 
N=13, except for Verb Argument at advanced proficiency, where N=14. For QR: Explicit 
N=14, except Verb Argument, low, where N=13, and Phrase Structure, Agr + PS, and 
Verb Argument, advanced proficiency, N=12. Implicit N=12. *p<0.05; +p<0.10. 

5.5.2.2 Simple Linear Regression Using Declarative Memory Subgroups

The predictive capacity of CVMT d-prime scores was further examined for 

successful and unsuccessful declarative leaner subgroups with respect to L2 performance. 

Groups were determined by median split (median=2.22). Those with scores equal to or 
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lower than the median comprised the unsuccessful declarative learner group (SDL;

explicit N=6, implicit N=8) while those with scores above the median comprised the 

successful declarative learner group (SDL; explicit N=9, implicit N=6). The dependent 

variables, GJT1 and GJT2 subtests, the combined rule-based grammar score (average of 

Agreement + Phrase Structure) and composite GJT scores (average of Agreement + 

Phrase Structure + Verb Argument; Table 34), were regressed against CVMT d-prime 

scores for each group. 

5.5.2.1.1  Explicit condition. Results for the explicit condition indicate that 

CVMT scores were somewhat better predictors for UDLs. At this level, CVMT scores for 

SDLs predicted Verb Argument accuracy (=0.80; R2=0.64; p=0.05) and marginally 

predicted total accuracy (=0.76; R2=0.58; p=0.08). CVMT scores for UDLs predicted or 

marginally predicted accuracy for Agreement (=0.66; R2=0.43; p=0.06), Phrase 

Structure (=0.72; R2=0.51; p=0.03), the rule-based grammar composite score (=0.71; 

R2=0.50; p=0.03), and the composite score (=0.63; R2=0.39; p=0.07)—but not Verb 

Argument. At advanced proficiency, CVMT scores for SDLs were not predictive. CVMT 

scores for UDLs predicted accuracy for all dependent measures (Agreement, =0.75; 

R2=0.57; p=0.02; Phrase Structure, =0.79; R2=0.62; p=0.01; rule-based grammar 

composite =0.78; R2=0.60; p=0.01; Verb Argument, =0.75; R2=0.57; p=0.02; total: 

=0.78; R2=0.61; p=0.01). The top three CVMT scorers also scored near 100 percent on 

proficiency measures—in a group with only six participants, this pattern leads to a 

moderately high regression coefficient but to a non-significant p value. In sum, CVMT 

scores were better predictors for UDLs, but this finding may be related to limitations of 
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the small dataset. The three top-scoring SDLs were also the three top scoring learners at 

advanced proficiency. 

5.5.2.1.2  Implicit condition. In the implicit condition, CVMT scores were better 

predictors for SDLs. At low proficiency, CVMT scores for SDLs predicted accuracy for 

Agreement (=0.75; R2=0.49; p=0.03), Phrase Structure (=0.75; R2=0.56; p=0.03), 

rule-based grammar composite score (=0.83; R2=0.69; p=0.01); and total score 

(=0.76; R2=0.58; p=0.03)—but not Verb Argument. CVMT scores for UDLs were not 

significantly predictive, and the regression coefficients were small and negative. For the 

implicit condition at advanced proficiency, CVMT scores for successful declarative 

learners predicted Phrase Structure accuracy (=0.85; R2=0.72; p=0.01) and marginally 

predicted Verb Argument accuracy (=0.62; R2=0.38; p=0.10). CVMT scores for 

unsuccessful declarative learners were not predictive. To summarize, in the implicit 

condition, better declarative abilities predicted better proficiency for SDLs, but not for 

UDLs. This suggests that UDLs relied on cognitive abilities other than declarative 

memory for L2 in the implicit condition.



Table 34. Simple Linear Regression for CVMT and GJT Subtests for Successful and Unsuccessful Declarative Learners.
Agreement Phrase Structure Agr + PS Verb Argument TotalCondition Level Sub-

group

n

 R2 p  R2 p  R2 p  R2 p  R2 p

Explicit Low SDL 6 0.70 0.49 0.12 0.67 0.45 0.14 0.72 0.52 0.11 0.80* 0.64 0.05 0.76+ 0.58 0.08

UDL 9 0.66+ 0.43 0.06 0.72* 0.51 0.03 0.71* 0.50 0.03 0.34 0.12 0.37 0.63+ 0.39 0.07

Adv SDL 6 0.51 0.26 0.30 0.43 n 0.19 0.39 0.48 n 0.23 0.33 0.37 n 0.14 0.47 0.44 n 0.20 0.38

UDL 9 0.75* 0.57 0.02 0.79* 0.62 0.01 0.78* 0.60 0.01 0.75* n 0.57 0.02 0.78* 0.61 0.01

Implicit Low SDL 8 0.75* n 0.56 0.03 0.75* n 0.56 0.03 0.83* n 0.69 0.01 0.56 n 0.31 0.15 0.76* n 0.58 0.03

UDL 6 -0.01 n 0.00 0.98 -0.22 n 0.05 n 0.67 -0.10 n 0.01 0.84 -0.21 n 0.04 0.69 -0.15 n 0.02 0.78

Adv SDL 8 0.42 n 0.18 0.29 0.85* n 0.72 0.01 0.52 n 0.27 0.19 0.62+ n 0.38 0.10 0.58 n 0.34 0.13

UDL 6 0.39 0.15 0.44 0.52 0.26 0.30 0.44 0.19 0.39 -0.43 0.18 0.40 0.16 0.02 0.77

SDL=Successful declarative learner. UDL=Unsuccessful declarative learner. A superscript n indicates a sample’s distribution 
was significantly non-normal (p<0.05)

204
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5.5.2.3 Chow Tests

Chow tests were performed to examine whether differences in regression lines

between subgroups were significant. An interaction term for declarative memory group 

and CVMT scores was created by multiplying CVMT group (UDL=0; SDL=1) by 

CVMT scores. A new dummy variable was created where only SDLs retained continuous 

data, while UDLs scores were all equal to zero. For each dependent variable, in block 1 

of the analysis, CVMT scores were entered. In block 2, the CVMT group data and the 

dummy variable were entered. Analyses were conducted for each condition separately. 

Change in R2 data are reported in Table 35. For both conditions at low and advanced 

proficiency, Chow tests indicated that differences between SDL and UDL group 

regression lines reported above were not significant.

Table 35. Chow Tests Comparing Regression Line Slopes between Declarative Memory 
Subgroups for CVMT Scores and Low and Advanced Proficiency.
Condition Level Agreement PS Agr + PS VA Total

R2 p R2 p R2 p R2 p R2 p

Explicit Low 0.04 0.57 0.07 0.46 0.05 0.51 0.08 0.48 0.05 0.55

Advanced 0.14 0.28 0.24 0.13 0.18 0.19 0.19 0.20 0.19 0.19

Implicit Low 0.22 0.21 0.28 0.12 0.29 0.11 0.16 0.40 0.24 0.19

Advanced 0.07 0.67 0.11 0.45 0.08 0.60 0.26 0.21 0.19 0.19

PS=Phrase Structure. Agr=Agreement. VA=Verb Argument. Explicit N=15. Implicit 
N=14. 

5.5.2.4 Summary of Declarative Memory Analyses

In the explicit condition, quadratic regression suggested that there were 

significant or marginally significant curvilinear relationships between CVMT scores and 

proficiency scores at advanced proficiency, but not at low proficiency. In comparison, the 
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simple linear regression analyses yielded strong, significant regression models for all 

dependent variables at both levels of proficiency. Thus, it was proposed that a linear 

relationship more accurately captured the relationship between declarative memory and 

low proficiency in the explicit condition. Analyses described above indicated that the

CVMT was differentially predictive for learners with low and high CVMT d-prime

scores in the two conditions, but Chow tests suggested that subgroup differences were not 

statistically significant in either group. This further suggests that a linear model best fits 

data for the whole group at low proficiency.

At advanced proficiency, a linear relationship better described the relationship 

between CVMT scores and Agreement accuracy only. Otherwise, a curvilinear 

relationship was a stronger predictor (Phrase Structure), or a comparable predictor (rule-

based composite scores, Verb Argument, and total scores). Scatter plots indicated that the 

curvilinear trend was possibly related to a learner whose high CVMT d-prime scores 

were not matched by high scores on proficiency tests. Based on scatter plots, it was 

proposed that the linear regression results were more reliable representations of the 

relationship between declarative memory and advanced L2 proficiency in the explicit 

condition. To summarize, analyses involving all participants in the explicit condition 

suggested that CVMT scores similarly predicted L2 proficiency for learners across the 

range of declarative memory abilities. 

At advanced proficiency, regression and Chow tests for SDL and UDL subgroups

in the explicit condition indicated that the CVMT scores were better predictors for UDLs. 

Nevertheless, it was not clear how reliable these findings were, because, as noted above, 

within the SDL group there was one learner who obtained relatively lower L2 proficiency 
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scores. In contrast, the top three out of six SDLs obtained the highest L2 proficiency 

scores in the explicit group. It was suggested that the overall pattern of results, which 

indicates that explicit training did not necessarily favor SDLs, may not be highly reliable 

due to the small dataset. Chow tests suggest that group differences were not statistically 

different as well. It was expected that explicit training would promote reliance on 

declarative memory, and the general pattern of findings support this claim.  

In the implicit condition, only the subgroup analyses yielded significant 

regression values. For quadratic regression, with WPT8 scores as a covariate, there were 

no significant regression coefficients for the implicit condition at either level of 

proficiency. However, in the subgroup analysis, for SDLs, at low proficiency, the CVMT 

predicted all dependent variables except Verb Argument, and at advanced proficiency, 

the CVMT predicted Phrase Structure and Verb Argument. These results are expected in 

that learners with stronger declarative memory resources are predicted to rely on their 

abilities, even if they are not favored by implicit instruction. Nevertheless, Chow tests 

indicated that implicit SDL and UDL group regression lines did not differ statistically, so 

differential reliance on declarative memory by SDLs and UDLs may not strongly 

influence advanced L2 proficiency through implicit instruction. In sum, findings 

presented here suggest that declarative memory differences did not differentially affect

L2 proficiency for learners with strong and weak abilities. 

5.5.3 Successful and Unsuccessful Procedural Learners

This analysis examined whether the contribution of procedural memory to L2 

proficiency varied for learners with differing procedural memory abilities. First, quadratic 

regression examined whether there was a curvilinear relationship between WPT8 scores 
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and scores on the dependent measures. Then, simple linear regression analysis was 

performed on subgroups of learners labeled as unsuccessful (UPL; explicit N=7; implicit 

N=6) and successful (SPL; explicit N=7; implicit N=6) based on their WPT8 scores, 

using a median split (median=0.67). Chow tests examined whether subgroup regression 

lines were significantly different. 

5.5.3.1 Quadratic Regression

For quadratic regression, GJT1 and GJT2 subtests, as well as the combined rule-

based grammar score (average of Agreement + Phrase Structure) and composite GJT 

scores (average of Agreement + Phrase Structure + Verb Argument) were regressed 

against squared WPT8 scores to ascertain whether a nonlinear equation fit data better 

than linear data reported above in the forced entry multiple regression analysis (Section 

5.4). CVMT scores were entered as covariates (tolerance levels: explicit 0.70; implicit, 

0.68). Mahalanobis distances were all below the critical value (16.27). In the explicit 

condition, Cook’s distances indicated the presence of outlier data (D>1.50) across several 

cases for one participant, which were eliminated. No new outliers were created by 

eliminating these cases.

5.5.3.1.1 Explicit condition. Quadratic regression indicated that a curved line was

a poor fit for data in the explicit condition (Table 36). There were no significant or 

marginally significant quadratic regression values at either level of proficiency.

5.5.3.1.2 Implicit condition. In the implicit condition, quadratic regression 

indicated that a curved line was a poor fit for data at low proficiency, but a strong fit for 

data at advanced proficiency (Table 36). At low proficiency, there were no significant

quadratic coefficients. At advanced proficiency, a curvilinear relationship predicted 
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Agreement (=7.04, p=0.05), rule-based composite scores (=6.92, p=0.05), and total 

scores (=7.09, p=0.05). Regression values did not reach significance for Phrase 

Structure and Verb Argument, before or after the CVMT was entered as a covariate. The 

positive coefficients suggest that low WPT8 scores were inversely related to proficiency, 

while high WPT8 scores predicted proficiency. Appendix F provides graphs of the 

regression analyses.

Table 36. Results of Multiple Regression and Quadratic Regression Analysis for WPT8 
Scores and Dependent Variables with CVMT as Covariate.

Agreement Phrase Struc Agr + PS Verb Arg TotalGrp Level Meth.
 p  p  p  p  p

Exp Low MR 0.18 0.43 0.24 0.18 0.21 0.30 -0.13 0.61 0.07 0.72

. QR 0.12 0.88 -0.10 0.89 0.04 0.95 0.58 0.59 -0.29 0.74

Adv MR 0.29 0.24 0.28 0.32 0.29 0.26 0.11 0.70 0.22 0.39

QR -0.67 0.40 -0.99 0.28 -0.81 0.31 1.48 0.18 -0.54 0.60

Imp Low MR -0.32 0.38 -0.70* 0.04 -0.54 0.13 -0.52 0.18 -0.55 0.14

QR 0.76 0.84 1.31 0.67 1.10 0.74 -0.76 0.84 0.43 0.90

Adv MR 0.13 0.75 0.01 0.97 0.11 0.79 -0.07 0.87 0.05 0.91

QR 7.04* 0.05 5.28 0.11 6.92* 0.05 5.89 0.14 7.09* 0.05

MR=Multiple Regression. QR=Quadratic Regression. MR: Explicit N=14 for PS low, 
VA low, and VA advanced; for all other explicit, N=13. QR: Explicit N=14 for VA low; 
for all other explicit, N=13.  Implicit N=12 for all cases. *p<0.05; +p<0.10. 

5.5.3.2 Multiple Regression Using Procedural Memory Subgroups

The predictive capacity of WPT8 scores for SPL and UPL subgroups was 

examined with respect to performance on the GJT1 and GJT2 subtests, rule-based 

grammar composite scores (Agreement + Phrase Structure), and total scores (Table 37).

A forced-entry multiple regression procedure was used for this analysis to control 
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declarative memory (CVMT d-prime scores). Tolerance levels were high for subgroups 

in both conditions (tolerance range: 0.87 to 0.99).

5.5.3.2.1 Explicit condition. At low proficiency in the explicit condition, WPT8 

did not predict proficiency for either SPLs or UPLs at either level of proficiency (Table

37). Instead, CVMT scores predicted proficiency especially for SPLs at low proficiency. 

In the explicit condition, learners with better procedural memory abilities also tended to 

have better declarative abilities (Section 5.1.4). Results suggest that, in the explicit 

condition, learners with strong declarative and procedural memory capacity relied on 

declarative memory for proficiency gains. 

5.5.3.2.2 Implicit condition. WPT8 scores obtained significant regression 

coefficients in the implicit condition. At low proficiency, WPT8 scores for SPLs were 

marginally inversely related to Verb Argument accuracy (=-0.75; p=0.08). There were 

no other significant regression values at low proficiency for either subgroup. At advanced 

proficiency, WPT8 scores for SPLs predicted or marginally predicted accuracy for 

Agreement (=0.75; p=0.06), Phrase Structure (=0.75; p=0.02), rule-based grammar 

composite scores (=0.78; p=0.02), and total scores (=0.87; p=0.04). In addition, 

CVMT scores also predicted proficiency for Phrase Structure and the rule-based grammar 

composite score, indicating that SPLs relied on a combination of abilities for success with 

Phrase Structure. Taken together, results indicate that the stronger procedural memory 

abilities of SPLs were beneficial for helping them obtain advanced proficiency. In 

contrast, WPT8 scores for UPLs were not predictive, indicating they relied on other 

abilities for L2.
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Table 37. Forced Entry Multiple Regression for CVMT and GJT subtests for Successful 
and Unsuccessful Procedural Learners.
Cond Level Sub-

group

Test Agreement Phrase Structure Agr + PS Verb Argument Total

 p  p  p  p  p

Exp Low SPL CVMT 0.77* 0.05 0.82* 0.04 0.81* 0.03 0.92* 0.00 0.88* 0.01

WPT8 0.40 0.22 0.25 0.42 0.35 0.24 0.29 0.14 0.32 0.19

UPL CVMT 0.63 0.18 0.75+ 0.08 0.71 0.12 0.44 0.38 0.61 0.20

WPT8 -0.18 0.66 0.02 0.95 -0.12 0.75 0.18 0.71 0.01 0.98

Adv SPL CVMT 0.72+ 0.08 0.56 0.23 0.69+ 0.10 0.56 0.20 0.64 0.14

WPT8 0.36 0.31 0.28 0.53 0.35 0.35 0.42 n 0.32 0.38 n 0.33

UPL CVMT 0.61 0.20 0.63 0.19 0.62 0.19 0.78+ 0.07 0.70 0.13

WPT8 0.00 1.00 -0.09 0.82 -0.04 0.92 -0.09 0.79 -0.06 0.87

Imp Low SPL CVMT 0.64 0.25 -0.58 0.27 0.13 0.82 -0.31 0.37 -0.13 0.74

WPT8 0.05 0.92 -0.25 0.60 -0.43 0.48 -0.75+ 0.08 -0.76 0.13

UPL CVMT 0.13 0.84 0.09 0.88 0.12 0.85 -0.14 0.83 0.02 0.98

WPT8 -0.14 0.84 -0.39 0.53 -0.27 n 0.68 -0.12 0.86 -0.22 0.74

Adv SPL CVMT 0.39 0.22 0.48+ 0.07 0.42+ 0.09 -0.45 0.29 0.13 0.62

WPT8 0.75+ 0.06 0.75* 0.02 0.78* 0.02 0.77 0.11 0.87* 0.04

UPL CVMT -0.17 0.72 0.01 0.99 -0.14 0.78 0.23 0.70 -0.01 0.99

WPT8 -0.74 0.19 -0.52 0.40 -0.71 0.22 -0.40 0.50 -0.62 0.30

SPL=Successful procedural learner. UPL=Unsuccessful procedural learner. A superscript 
n indicates a sample’s distribution was significantly non-normal (p<0.05). Explicit SPL 
N=7, UPL N=7. Implicit SPL N=6, UPL N=6.
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5.5.3.3 Chow Tests

Chow tests examined whether differences in regression lines between subgroups 

were significant. An interaction term for procedural memory group and WPT8 score was 

created by multiplying WPT8 group data (UPL=0; SPL=1) by WPT8 scores. CVMT d-

primes scores were entered as covariates. For each dependent variable, in block 1 of the 

analysis, CVMT d-prime scores and WPT8 scores were entered. In block 2, the WPT8 

group data and interaction variable were entered. Analyses were conducted for each 

condition separately. Results are reported in Table 38. 

 In the explicit condition at low proficiency, there were no significant differences 

between subgroup slopes. In the explicit condition at advanced proficiency, again there 

were no significant differences between subgroup slopes. Thus, differences in procedural 

memory abilities were not predictive in the explicit condition.

In the implicit condition, Chow tests indicated there were significant differences 

in regression lines. A advanced proficiency, but not low proficiency, regression lines

differed significantly or marginally significantly for dependent variables indexing rule-

based grammar processes (Agreement, R2=0.50, p=0.06; Phrase Structure, R2=0.42, 

p=0.04; rule-based grammar composite: R2=0.51, p=0.01; total: R2=0.53, p=0.04). No 

group differences were indicated for Verb Argument. Thus, in the implicit condition,

group differences in procedural memory reliance were statistically significant, indicating 

that ability differences predicted whether learners proceduralized grammar in the implicit 

condition.
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Table 38. Chow Tests Comparing Regression Line Slopes between Procedural Memory 
Subgroups for CVMT Scores and Low and Advanced Proficiency.
Condition Level Agreement PS Agr + PS VA Total

R2 p R2 p R2 p R2 p R2 p

Explicit Low 0.06 0.45 0.02 0.69 0.05 0.48 0.04 0.21 0.14 0.23

Advanced 0.03 0.75 0.05 0.66 0.03 0.72 0.03 0.80 0.03 0.78

Implicit Low 0.01 0.96 0.02 0.90 0.01 0.93 0.01 0.94 0.01 0.96

Advanced 0.50+ 0.06 0.42* 0.04 0.51* 0.04 0.37 0.19 0.53* 0.04

PS=Phrase Structure. Agr=Agreement. VA=Verb Argument. Explicit N=14; Implicit 
N=12. 

5.5.3.4 Summary of Successful and Unsuccessful Procedural Memory Subgroups

Findings suggest there that group differences were sensitive to learning condition. 

In the explicit condition, quadratic regression yielded a poor model fit. Analysis of 

subgroups based on median splits indicated that WPT8 scores were not better predictors 

for either successful or unsuccessful procedural learners. Overall, findings indicate that in 

the explicit condition, procedural memory abilities did not predict L2 proficiency. 

In the implicit condition, findings suggest that strong procedural memory capacity 

was important for proceduralizing advanced L2. At low proficiency, quadratic regression 

did not yield significant coefficients for any relationship. At advanced proficiency, 

quadratic regression yielded significant regression coefficients for Agreement, rule-based 

grammar composite scores, and total scores. Findings suggest that learners with better 

procedural memory tend to rely on procedural memory for rule based grammar, while 

learners with weaker procedural memory rely on procedural memory to their detriment. 

Learners with the lowest WPT8 scores were most likely able to obtain relatively high 
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proficiency scores because they relied on abilities other than procedural memory, 

although analyses suggest this ability may not have been the aspects of declarative 

memory indexed by the CVMT.

For implicit subgroups, simple linear regression and Chow tests indicated that 

stronger procedural memory abilities inversely predicted Verb Argument accuracy (and 

total scores) at low proficiency. At advanced proficiency, quadratic regression provided a 

better fit for rule-based grammar data. A curvilinear relationship accounted for the 

relationship between procedural memory and Agreement, Phrase Structure, rule-based 

grammar composite scores, and total scores. Follow-up multiple regression analyses for 

SPLs and UPLs indicated that procedural memory predicted accuracy on rule-based 

grammar structures, the rule-based grammar composite score, and the total score for 

SPLs and not UPLs. Chow tests indicated that regression line differences between SPLS 

and UPL:s were statistically significant. Results indicate that procedural memory tests, 

specifically WPT8, predicted advanced language learning for learners with stronger 

procedural memory in the implicit condition. Moreover, results for SPLs align with the 

predictions of the DP model, because they suggest that procedural memory underlay rule-

based grammar at advanced proficiency. In addition, results support the claim that 

implicit instruction promotes reliance on procedural memory, whereas explicit instruction 

does not.

5.6 Analysis of Working Memory Subgroups

The following analysis examines whether learners with more and less attention 

and short-term memory capacity differentially rely on declarative and procedural memory 
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abilities for L2. This addresses the third and fourth hypotheses, reprinted here for 

convenience:

H3: Learners with less working memory capacity will rely on procedural memory 

more for L2 than learners with more working memory capacity. 

H4: Learners with more working memory capacity will rely on declarative 

memory more for L2 than learners with less  working memory capacity.

Two statistical tests were performed: simple linear regression and Chow tests. For 

these analyses, Chow tests examined whether subgroup regression slopes (B; the amount 

of change in the dependent variable for every unit of change in the independent variable) 

differed significantly between less and more learners in each working memory group. As 

described above, Chow tests follow a hierarchical, forced entry regression procedure. 

Regression lines were forced through the origin to isolate slopes. A significant change in 

R2 indicates that the subgroups’ slopes are significantly different from each other. GJT 

subtests were used as dependent variables. The first analyses examined the contribution 

of declarative memory to L2 proficiency in learners who were designated as having more

or less attentional capacity and those who were designated as having more or less short-

term memory. The second set of analyses examined the contribution of procedural 

memory to L2 proficiency in the same groups of learners. 

Working memory subgroups were determined by averaging scores across 

correlated tests. Attentional capacity groups were determined by calculating the median 

split of composite scores based on the average of scores for the three verbal fluency 

measures, which measure complex attention in the context of retrieving words from 
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declarative memory13. Performance on these tasks was correlated (Animals, FAS, and 

Kitchen). The median verbal fluency composite score was 33.33. Short-term memory 

capacity was determined by composite scores based on the average of scores for both 

verbal repetition measures, which were correlated (Sentence Repetition, Nonword 

Repetition). Learners were labeled as having less or more short term memory based on a 

median split. The median short term memory composite score was 0.79. 

Simple linear regression analyses investigated whether declarative or procedural 

memory was significantly predictive for any particular subgroup14. For the simple linear 

regression analysis, performance on the six GJT subtests was regressed against 

performance on the CVMT and then performance on WPT8. Each instructional condition 

was analyzed separately. Learners were divided into more and less groups for each 

analysis.

As described above, Chow tests indicate whether regression slopes for declarative 

and procedural memory abilities and GJT subtest performance differed significantly 

between two subgroups. The slope () of one subgroup (the more subgroup) is covaried 

with the slope for the entire sample within a condition. For attentional capacity, 

interaction terms for attentional capacity group and CVMT or WPT8 scores were created 

by multiplying attention group data (less=0; more=1) by CVMT or WPT8 scores. For 

short-term memory capacity, interaction terms for short-term memory group and CVMT 

or WPT8 scores were created by multiplying short-term memory group data (less=0; 

more=1) by CVMT or WPT8 scores. Each condition and each independent variable was 

                                                
13 Verbal fluency tasks also tap spreading activation processes, which are characterized as declarative, and 
not procedural, processes in the DP model.
14 Results from a post-hoc multiple regression analysis that covaries WPT8 and CVMT scores are reported 
in Chapter 7.
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analyzed separately. For each dependent variable, in block 1 of the analysis, CVMT or 

WPT8 scores were entered. In block 2, the working memory capacity group data and 

interaction variable were entered. 

Repeated measures ANOVAs indicated learners were matched at proficiency 

benchmarks. For each analysis, there were two within-subjects factors, level (low, 

advanced) and structure (agreement, phrase structure, verb argument), and two between-

subjects factors, instructional condition (explicit, implicit) and either attentional capacity 

subgroup (more, less) or short-term memory subgroup (more, less). Neither analysis 

obtained a significant interaction effect for Level x Structure x Condition x Subgroup 

(attentional capacity subgroups, F(1, 23)=0.15, p=0.70, 2=0.01; short-term memory 

subgroups, F(1, 25)=0.01, p=0.94, 2=0.00).

T-tests indicated learner scores on the CVMT and WPT8 tests were not matched 

between more and less attentional capacity subgroups in the implicit condition. The more

attentional capacity subgroup obtained higher scores on the CVMT (t(11)=3.86, p=0.00)

than the learners with less attentional capacity, but obtained lower scores on WPT8 

(t(10)=-2.46, p=0.03). This difference was not surprising, given the claims of the current 

investigation. Otherwise, differences on CVMT and WPT8 scores for other working 

memory subgroups within both conditions did not differ significantly. The differences 

between the two attentional capacity groups in the implicit condition will be borne in 

mind in interpreting findings.
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5.6.1 Interaction between Less and More Attentional Capacity and Short-term Memory 

Subgroups and Declarative Memory Abilities

The first set of analyses examined the contribution of declarative memory ability 

to L2 proficiency in learners who were classified as having either more or less attentional 

capacity and more or less short-term memory capacity. Simple linear regression and 

Chow tests are described below (multiple regression is presented at the end of the 

section). 

5.6.1.1 Simple Linear Regression and Chow Tests Examining Attentional Capacity 

Subgroups

5.6.1.1.1 Simple linear regression. The predictive capacity of CVMT d-prime 

scores for attentional capacity subgroups was examined with respect to performance on 

the GJT subtests (Table 39). For the explicit condition at low proficiency, CVMT scores 

were predictive for both subgroups. For the more attentional capacity group, CVMT 

scores predicted accuracy for phrase structure (=0.82; R2=0.68; p=0.04) and marginally 

predicted verb argument (=0.80; R2=0.64; p=0.06).  For the less attentional capacity 

subgroup, CVMT scores predicted accuracy for agreement (=0.89; R2=0.76; p=0.00) 

and phrase structure (=0.90; R2=0.82; p=0.00). For the explicit condition at advanced 

proficiency, regression values were significant only for the less subgroup, predicting all 

three structures (agreement, =0.82; R2=0.68; p=0.01; phrase structure, =0.81; 

R2=0.66; p=0.02; and verb argument, =0.78; R2=0.61; p=0.02). 

For the implicit condition at low proficiency, CVMT scores were not strongly 

predictive for either subgroup. In only one case at low proficiency, the regression 

coefficient for the more subgroup approached significance for agreement (=0.73; 
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R2=0.53; p=0.10). At advanced proficiency, CVMT scores for the more subgroup 

predicted accuracy for phrase structure (=0.86; R2=0.74; p=0.03). Otherwise, CVMT 

scores were not predictive for the two subgroups.

Table 39. Simple Linear Regression for CVMT and GJT Subtests for Learners with More 
and Less Attentional Capacity.

Level Agreement Phrase Structure Verb ArgumentCondition Sub-

group

n

 R2 p  R2 p  R2 p

Explicit Low More 6 0.65 0.42 0.16 0.82* 0.68 0.04 0.80+ 0.64 0.06

Less 8 0.89* 0.76 0.00 0.90* 0.82 0.00 0.60 0.36 0.12

Adv More 6 0.62 0.39 0.19 0.44 0.20 0.38 0.59 0.35 0.22

Less 8 0.82* 0.68 0.01 0.81* 0.66 0.02 0.78* 0.61 0.02

Implicit Low More 6 0.73+ n 0.53 0.10 0.72n 0.52 0.11 0.49 n 0.23 0.32

Less 7 -0.10 0.01 0.84 -0.32 0.10 0.49 -0.34 0.11 0.46

Adv More 6 0.26 n 0.07 0.62 0.86* n 0.74 0.03 0.60 n 0.36 0.20

Less 7 0.02 0.00 0.96 0.37 0.14 0.41 -0.55 0.30 0.20

A superscript n indicates a sample’s distribution was significantly non-normal (p<0.05).

5.6.1.1.2 Chow tests. Chow tests examined whether differences in slopes between 

attentional subgroups were significant. Change in R2 data are reported in 

Table 40. In the explicit condition at low proficiency, slopes differed significantly 

between more and less subgroups for Agreement (R2=0.02, p=0.02) and Phrase 

Structure (R2=0.02, p=0.02). In the explicit condition at advanced proficiency, slopes 

differed significantly between groups for all three structures (agreement, R2=0.02, 

p=0.01; phrase structure, R2=0.04, p=0.00; verb argument, R2=0.03, p=0.00). This 

suggests that for the regression values for the explicit condition reported above, 



220

differences in beta weights reported above represent significant group differences for all 

structures except verb argument at low proficiency were significant. To summarize, 

results indicate that the less attentional capacity group relied on declarative memory more 

than the more attentional capacity group.

In the implicit condition at low proficiency, there were no significant differences 

between groups for any structure. In the implicit condition at advanced proficiency, 

slopes were significantly different for phrase structure (R2=0.02, p=0.01). Thus, the two 

group differences reported above did not indicate that the group reliance on declarative 

memory was statistically significantly different. 

Table 40. Chow Tests Comparing Regression Line Slopes between Attentional Capacity 
Subgroups for CVMT Scores and Low and Advanced Proficiency.
Condition Level Agreement Phrase 

Structure

Verb 

Argument

R2 p R2 p R2 p

Explicit (14) Low 0.02* 0.02 0.02* 0.00 0.01 0.41

Advanced 0.02* 0.01 0.04* 0.00 0.03* 0.00

Implicit (13) Low 0.00 0.62 0.00 0.58 0.00 0.85

Advanced 0.01 0.45 0.02* 0.01 0.01 0.38

5.6.1.2 Simple Linear Regression and Chow Tests Examining Short-term Memory 

Subgroups

5.6.1.2.1 Simple linear regression. The predictive capacity of CVMT d-prime 

scores for short-term memory capacity subgroups was examined with respect to 

performance on the GJT1 and GJT2 subtests (
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Table 41). For the explicit condition at low proficiency, CVMT scores were predictive 

for both subgroups. For the more attentional capacity group, CVMT scores marginally 

predicted agreement accuracy (=0.70; R2=0.49; p=0.08) and verb argument accuracy 

(=0.67; R2=0.45; p=0.10). For the less attentional capacity subgroup, CVMT scores 

predicted accuracy for all three structures (agreement, =0.82; R2=0.68; p=0.01; phrase 

structure, =0.93; R2=0.86; p=0.00; and verb argument, =0.70; R2=0.49; p=0.05). 

For the explicit condition at advanced proficiency, regression values were 

significant only for the less subgroup, predicting all three structures  (agreement, =0.80; 

R2=0.64; p=0.02; phrase structure, =0.71; R2=0.51; p=0.05; and verb argument, 

=0.76; R2=0.58; p=0.03). For the implicit condition, CVMT scores were not predictive 

for either subgroup at either level of proficiency.

Table 41. Simple Linear Regression for CVMT and GJT Subtests for Learners with More 
and Less Short-term Memory Capacity. 

Level Agreement Phrase Structure Verb Argument

Condition

Sub-

group

n

 R2 p  R2 p  R2 p

Explicit Low More 7 0.70+ 0.49 0.08 0.48 0.22 0.28 0.67+ 0.45 0.10

Less 8 0.82* 0.68 0.01 0.93* 0.86 0.00 0.70* 0.49 0.05

Adv More 7 0.41 0.17 0.35 0.26 0.07 0.57 0.24 0.06 0.60

Less 8 0.80* 0.64 0.02 0.71* 0.51 0.05 0.76* 0.58 0.03

Implicit Low More 7 0.55 0.30 0.20 0.64 0.41 0.12 0.34 0.11 0.46

Less 7 0.14 0.02 0.77 0.07 0.00 0.88 -0.12 0.02 0.79

Adv More 7 0.54 0.30 0.21 0.57 0.32 0.18 0.68 0.46 0.09

Less 7 -0.34 0.11 0.46 0.46 0.21 0.30 -0.15 0.02 0.75

A superscript n indicates the sample’s distribution was significantly non-normal (p<0.05).
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5.6.1.2.2 Chow tests. Chow tests examined whether differences in slopes between 

short-term memory subgroups were significant. Change in R2 data are reported in Table

42. In the explicit condition at low proficiency, slopes differed significantly between 

more and less subgroups for agreement (R2=0.02, p=0.032) and phrase structure 

(R2=0.02, p=0.01). In the explicit condition at advanced proficiency, slopes differed 

significantly between groups for all three structures (agreement, R2=0.02, p=0.03; 

phrase structure, R2=0.03, p=0.00; verb argument, R2=0.03, p=0.01). This suggests 

that for the regression values for the explicit condition reported above, group differences 

in predictive capacity for all structures except verb argument at low proficiency were 

statistically significant. 

In the implicit condition at low proficiency, slopes differed significantly between 

groups for all three structures (agreement, R2=0.03, p=0.02; phrase structure, R2=0.02, 

p=0.02; verb argument, R2=0.04, p=0.01). In the implicit condition at advanced 

proficiency, slopes were significantly different for accuracy for phrase structure 

(R2=0.02, p=0.00) and verb argument (R2=0.04, p=0.01). Despite significant 

differences in slopes between more and less groups, CVMT scores were not predictive of 

L2 proficiency for either short-term memory subgroup in the implicit condition, as 

reported in the simple linear regression analysis above.
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Table 42. Chow Tests Comparing Regression Line Slopes between Short-term Memory 
Capacity Subgroups for CVMT Scores and Low and Advanced Proficiency.
Condition Level Agreement Phrase 

Structure

Verb 

Argument

R2 p R2 p R2 p

Explicit (15) Low 0.02* 0.03 0.02* 0.01 0.01 0.20

Advanced 0.02* 0.03 0.03* 0.00 0.03* 0.01

Implicit (14) Low 0.03* 0.02 0.02* 0.02 0.04* 0.01

Advanced 0.01 0.18 0.02* 0.00 0.03* 0.00

5.6.1.3 Summary of Analyses of Working Memory Subgroups and Declarative Memory 

Abilities

It was hypothesized that learners with more working memory capacity would rely 

on declarative memory more for L2. This was not supported by this analysis. In the 

explicit condition, a measure of declarative memory, the CVMT, mostly failed to predict 

L2 proficiency uniquely for learners with more attentional capacity, except for phrase 

structure at low proficiency. CVMT scores were not especially predictive for learners 

with more short-term memory, either. Only one marginally significant regression 

coefficient was obtained, for agreement at low proficiency, and Chow tests indicated that 

the slope of this regression line did not differ significantly between groups. Scatter plots

reflected the trends in the analysis.15

                                                
15 One learner in the implicit less  attentional capacity group displayed significant D  scores (Cook’s 
distances); however, removal of this learner created additional outlier cases, so these cases were retained. 
Without these cases, the nonsignificant relationship for implicit less attentional capacity learners would 
have become flatter. 
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Contrary to the hypothesis, CVMT scores for learners with less working memory 

tended to predict proficiency gains, and Chow tests confirmed that these were 

significantly different from the regression lines obtained for the more groups. Thus, for 

those with less attentional capacity, CVMT scores predicted agreement and phrase 

structure accuracy at low proficiency, and all three structures at advanced proficiency. 

The combination of simple linear regression and Chow tests yielded a similar pattern of 

results for the group with less short term memory: CVMT scores predicted agreement 

and phrase structure accuracy at low proficiency, and all three structures at advanced 

proficiency. 

In the implicit condition, declarative memory was not significantly, differentially 

predictive for more attention or more short-term memory subgroups, except in one case. 

CVMT scores for learners with more attentional capacity predicted phrase structure at 

advanced proficiency. 

The preceding analysis suggests that (a) learners in the explicit condition with 

less, not more, working memory may have relied on declarative memory more for L2 

proficiency; and that (b) learners in the implicit condition with more working memory 

did not rely on declarative memory substantially more than those with less working 

memory. Either way, this evidence does not support the hypothesis that learners with 

more working memory capacity rely on declarative memory more for L2.

5.6.2 Interaction between Less and More Attentional Capacity and Short-Term Memory 

Subgroups and Procedural Memory Abilities

The second set of analyses examined the contribution of procedural memory 

ability to L2 proficiency in learners who were classified as having more or less



225

attentional capacity and more or less short-term memory capacity. Simple linear 

regression and Chow tests are described below. 

5.6.2.1 Simple Linear Regression and Chow Tests Examining Attentional Capacity 

Subgroups

5.6.2.1.1  Simple linear regression. The predictive capacity of WPT8 scores for 

attentional capacity subgroups was examined with respect to performance on the GJT1 

and GJT2 subtests (Table 43). For the explicit condition at low proficiency, WPT8 scores 

were predictive for the less subgroup only. For this subgroup, WPT8 scores predicted 

accuracy for agreement (=0.88; R2=0.77; p=0.00) and phrase structure (=0.80; 

R2=0.64; p=0.02). For the explicit condition at advanced proficiency, again, regression 

values were significant only for the less subgroup, again predicting accuracy for 

agreement (=0.83; R2=0.69; p=0.01) and phrase structure (=0.77; R2=0.60; p=0.02), 

but also marginally predicting accuracy for verb argument (=0.64; R2=0.41; p=0.09). 

For the implicit condition, at low proficiency, WPT8 scores marginally inversely

predicted phrase structure accuracy for learners with less attentional capacity (=-0.69; 

R2=0.47 p=0.09). For the implicit condition at advanced proficiency, WPT8 scores were 

not predictive for either subgroup.
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Table 43. Simple Linear Regression for WPT8 and GJT Subtests for Learners with More 
and Less Attentional Capacity.

Level Agreement Phrase Structure Verb ArgumentCondition Sub-

group

n

 R2 p  R2 p  R2 p

Explicit Low More 6 0.35 n 0.12 0.50 0.59 n 0.35 0.21 0.07 n 0.00 0.90

Less 8 0.88* 0.77 0.00 0.80* 0.64 0.02 0.58 0.34 0.13

Adv More 6 0.52 n 0.27 0.30 0.44 n 0.19 0.38 0.39 n 0.15 0.45

Less 8 0.83* 0.69 0.01 0.77* 0.60 0.02 0.64+ 0.41 0.09

Implicit Low More 5 -0.19 0.04 0.76 -0.67 0.45 0.21 -0.26 0.07 0.67

Less 7 -0.64 0.41 0.12 -0.69+ 0.47 0.09 -0.64 0.41 0.12

Adv More 5 -0.16 0.03 0.79 -0.57 0.33 0.31 -0.23 0.05 0.72

Less 7 0.26 0.07 0.57 0.03 0.00 0.95 0.25 0.06 0.59

5.6.2.1.2 Chow tests. Chow tests examined whether differences in slopes 

attentional capacity subgroups were significant. Change in R2 data are reported in Table

44. In the explicit condition at both levels of proficiency, slopes differed significantly 

between more and less subgroups for all structures (low: agreement, R2=0.07, p=0.00; 

phrase structure, R2=0.06, p=0.00; verb argument, R2=0.08, p=0.01; advanced: 

agreement, R2=0.06, p=0.00; phrase structure, R2=0.07, p=0.00; verb argument, 

R2=0.08, p=0.00). This suggests that for the regression values for the explicit condition 

reported above, group differences in predictive capacity for all structures except verb 

argument at low proficiency were statistically significant. 

In the implicit condition at low proficiency, slopes differed significantly or

marginally significantly between groups for agreement (R2=0.06, p=0.07) and  phrase 

structure (R2=0.08, p=0.01). In the implicit condition at advanced proficiency, slopes 
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were significantly different for accuracy for all three structures (agreement, R2=0.05, 

p=0.02; phrase structure, R2=0.04, p=0.00; verb argument, R2=0.04, p=0.00). Despite 

the significant differences in slopes between more and less attentional capacity groups, 

WPT8 scores were not predictive of advanced L2 proficiency for either attentional 

subgroup in the implicit condition, as reported in the simple linear regression analysis 

above.

Table 44. Chow Tests Comparing Regression Line Slopes between Attentional Capacity 
Subgroups for WPT8 Scores and Low and Advanced Proficiency.
Condition Level Agreement Phrase 

Structure

Verb 

Argument

R2 p R2 p R2 p

Explicit (14) Low 0.07* 0.00 0.06* 0.00 0.08* 0.01

Advanced 0.06* 0.00 0.07* 0.00 0.08* 0.00

Implicit (12) Low 0.06+ 0.07 0.08* 0.01 0.05 0.12

Advanced 0.05* 0.02 0.04* 0.00 0.04* 0.00

5.6.2.2 Simple Linear Regression and Chow Tests Examining Short-Term Memory 

Subgroups

5.6.2.2.1 Simple linear regression. The predictive capacity of WPT8 scores for 

short-term memory capacity subgroups was examined with respect to performance on the 

GJT1 and GJT2 subtests (Table 45). For the explicit condition at low proficiency, WPT8 

scores were marginally predictive of rule-based grammar for the more subgroup: 

agreement accuracy (=0.76; R2=0.58; p=0.08) and phrase structure accuracy (=0.75; 

R2=0.56; p=0.09). For the explicit condition at advanced proficiency, regression values 
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were significant only for the more subgroup, predicting accuracy for agreement (=0.82; 

R2=0.68; p=0.04) and phrase structure (=0.90; R2=0.82; p=0.01).

For the implicit condition at low proficiency, WPT8 scores inversely predicted 

agreement (=-0.89; R2=0.79; p=0.04) and phrase structure (=-0.90; R2=0.81; p=0.04). 

Otherwise, WPT8 scores were not predictive as a function of short-term memory 

capacity.

Table 45. Simple Linear Regression for WPT8 and GJT Subtests for Learners with More 
and Less Short-term Memory Capacity.

Level Agreement Phrase Structure Verb ArgumentCondition Sub-

group

n

 R2 p  R2 p  R2 p

Explicit Low More 6 0.76+ 0.58 0.08 0.75+ 0.56 0.09 0.19 0.04 0.72

Less 8 0.45 0.20 0.27 0.54 0.29 0.17 0.40 0.16 0.33

Adv More 6 0.82* 0.68 0.04 0.90* 0.82 0.01 0.55 0.30 0.26

Less 8 0.47 0.22 0.24 0.29 0.09 0.48 0.35 0.12 0.39

Implicit Low More 7 -0.89* 0.79 0.04 -0.90* 0.81 0.04 -0.78 0.60 0.12

Less 5 0.50 0.25 0.25 -0.53 0.28 0.22 0.33 0.11 0.47

Adv More 7 -0.30 0.09 0.62 -0.32 0.10 0.61 -0.17 0.03 0.78

Less 5 0.26 0.07 0.57 -0.24 0.06 0.61 0.10 0.01 0.84

5.6.2.2.2 Chow tests. Chow tests examined whether differences in slopes for 

short-term memory subgroups were significant. Change in R2 data are reported in Table

46. In the explicit condition at both levels of proficiency, there were no significant 

differences between groups. This suggests that for the regression values for the explicit 

condition reported above, despite differences in predictive capacity for WPT8 at 

advanced proficiency, no group significantly relied on procedural memory more. 
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In the implicit condition, slopes differed significantly between groups for all 

structures at both levels (low: agreement, R2=0.12, p=0.00; phrase structure, R2=0.08, 

p=0.00; verb argument, R2=0.11, p=0.00; advanced: agreement, R2=0.04, p=0.04; 

phrase structure, R2=0.03, p=0.02; verb argument, R2=0.04, p=0.01). Thus, differences 

in short-term memory capacity were associated with different regression slopes between 

subgroups, although many of these differences were not associated with significant 

regression coefficients.

Table 46. Chow Tests Comparing Regression Line Slopes between Short-term Memory 
Capacity Subgroups for WPT8 Scores and Low and Advanced Proficiency.
Condition Level Agreement Phrase 

Structure

Verb 

Argument

R2 p R2 p R2 p

Explicit (14) Low 0.01 0.53 0.02 0.28 0.03 0.34

Advanced 0.01 0.46 0.02 0.38 0.02 0.29

Implicit (12) Low 0.12* 0.00 0.08* 0.00 0.11* 0.00

Advanced 0.04* 0.04 0.03* 0.02 0.04* 0.01

5.6.2.3 Summary of Analyses of Working Memory Subgroups and Procedural Memory 

Abilities

It was hypothesized that learners with less working memory capacity would 

depend on procedural memory more for L2. In the explicit condition, simple linear 

regression and Chow tests indicate that WPT8 scores predicted agreement and phrase 

structure at both low and advanced proficiency for learners with less attentional capacity, 

but not for the more attentional capacity subgroup. In the explicit condition, no 
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significant differences were found between short-term memory capacity groups and 

reliance on procedural memory.  

In the implicit condition, no significant differences were found between 

attentional capacity groups and reliance on procedural memory. However, WPT8 scores 

were significantly inversely predictive of low proficiency for agreement and phrase 

structure for the more short-term memory group. 

Taken together, results suggest that (a) learners in the explicit condition with less

attentional capacity relied more on procedural memory for L2 grammar, as was 

hypothesized, and that (b) in the implicit condition, reliance on procedural memory had 

adverse effects for learners with more short-term memory. Thus, in one case, less

attentional capacity predicted proceduralization, while in the other, more short-term 

memory predicted a lack of proceduralization. In sum, results for the explicit condition 

support the hypothesis that learners with less working memory capacity depend on 

procedural memory more for L2, while results from the implicit condition do not support 

the hypothesis.

5.7 Hierarchical Regression Analysis to Examine Hypotheses 5 and 6

It was hypothesized that measures of declarative memory may augment MLAT-

based aptitude testing by predicting low proficiency in L2 grammar.

H5a: Measures of declarative memory will augment L2 aptitude prediction (e.g., 

via the MLAT) by predicting low proficiency in L2 grammar. 

H5b: The predictive capacity of declarative memory will be stronger where 

learning depends on explicit instruction. 
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H6a: Measures of procedural memory will augment L2 aptitude prediction (e.g., 

via the MLAT) by predicting advanced proficiency in L2 grammar. 

H6b: The predictive capacity of procedural memory will be stronger where 

learning depends on implicit instruction.

Hierarchical linear regression was used to test these hypotheses. The dependent variables 

were the six GJT subtests. Independent variables were the MLAT, CVMT d-prime 

scores, and WPT8 scores. In block 1, MLAT scores were entered. In block two, CVMT 

scores were added. In block 3, WPT8 scores were added. After each new measure was 

added, the F ratio, the significance of the model, and the change in these statistical 

indices were evaluated. Analyses were conducted separately for each condition. In the 

explicit condition (N=14), tolerance levels for independent variables were greater than 

0.57. In the implicit condition(N=12),  tolerance levels for the independent variables were 

greater than 0.63.  Following are analyses first for the explicit condition and second for 

the implicit condition.

5.7.1 Aptitude and the Explicit Condition

5.7.1.1 Agreement, Low Proficiency

Hierarchical regression analysis results for agreement accuracy at low proficiency 

are presented in Table 47. In Step 1, MLAT total scores alone were significantly 

predictive, accounting for 49 percent of the variance in agreement accuracy (R2=0.49, 

p=0.01). In Step 2, the addition of the CVMT significantly improved prediction 

(R2=0.23, p<0.05). The combined scores of the MLT and CVMT accounted for 72 

percent of the variance in agreement accuracy. Of the two measures, the CMVT obtained 

the stronger beta weight (MLAT: =0.44, p=0.03; CVMT: =0.55, p=0.01). In Step 3, 
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WPT8 scores failed to add to the capacity to predict agreement accuracy, (R2=0.00, 

n.s.). Thus, at low proficiency, only the addition of a measure of declarative memory was 

useful in predicting agreement accuracy for learners in the explicit condition.

Table 47. Hierarchical Regression for MLAT, CVMT, and WPT8 Scores for Agreement 
Accuracy at Low Proficiency in the Explicit Condition.
Step Predictor b SE  p R2 R2 Adj. R2

1 (Constant) 0.11 0.19

MLAT 0.01 0.00 0.70* 0.01 0.49* 0.49* 0.44

2 (Constant) 0.02 0.15

MLAT 0.01 0.00 0.44* 0.03

CVMT 0.14 0.05 0.55* 0.01 0.72* 0.23* 0.67

3 (Constant) 0.02 0.16

MLAT 0.01 0.00 0.45+ 0.06

CVMT 0.15 0.05 0.56* 0.02

WPT8 -0.02 0.18 -0.03 0.89 0.72* 0.00 0.64

*p<0.05; +p<0.10. ANOVAs: Step 1, F(1,13)=11.39,  p=0.01; Step 2, F(2,13)=14.08,  
p=0.00; Step 3, F(3,13)=8.56,  p=0.00. 

5.7.1.2 Phrase Structure, Low Proficiency

Hierarchical regression analysis results for phrase structure accuracy at low 

proficiency are presented in Table 48. In Step 1, MLAT total scores alone were 

significantly predictive, accounting for 63 percent of the variance in agreement accuracy 

(R2=0.63, p=0.00). In Step 2, the addition of the CVMT strongly and significantly 

improved the prediction of phrase structure accuracy (R2=0.29, p<0.05). The combined 

scores of the MLAT and CVMT accounted for 92 percent of the variance in agreement 
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accuracy. Of the two measures, the CMVT obtained a stronger beta weight (MLAT: 

=0.50, p=0.00 CVMT: =0.61, p=0.00). In Step 3, the addition of WPT8 scores failed to 

augment the capacity to predict phrase structure accuracy, (R2=0.00, n.s.). Thus, at low 

proficiency, the addition of a measure of declarative memory was very useful in 

predicting phrase structure accuracy for learners in the explicit condition.

Table 48. Hierarchical Regression for MLAT, CVMT, and WPT8 scores for Phrase 
Structure Accuracy at Low Proficiency in the Explicit Condition.

Step Predictor b SE  p R2 R2 Adj. R2

1 (Constant) 0.38 0.10

MLAT 0.01 0.00 0.79* 0.00 0.63* 0.63* 0.59

2 (Constant) 0.32 0.05

MLAT 0.00 0.00 0.50* 0.00

CVMT 0.10 0.02 0.61* 0.00 0.92* 0.29* 0.90

3 (Constant) 0.33 0.05

MLAT 0.00 0.00 0.50* 0.00

CVMT 0.10 0.02 0.61* 0.00

WPT8 0.00 0.06 0.01 0.95 0.92* 0.00 0.89

*p<0.05; +p<0.10. ANOVAs: Step 1, F(1,13)=20.01,  p=0.00; Step 2, F(2,13)=59.36,  
p=0.00; Step 3, F(3,13)=36.05,  p=0.00. 

5.7.1.3 Verb Argument, Low Proficiency

Hierarchical regression analysis results for verb argument accuracy at low 

proficiency are presented in Table 49. In Step 1, MLAT total scores alone were 

significantly predictive, accounting for 43 percent of the variance in agreement accuracy 

(R2=0.43, p=0.01). In Step 2, the addition of the CVMT significantly improved the 
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prediction of verb argument accuracy (R2=0.19, p<0.05). The combined scores of the 

MLAT and CVMT accounted for 63 percent of the variance in agreement accuracy. Of 

the two measures, the CMVT obtained a stronger beta weight (MLAT: =0.42, p=0.07; 

CVMT: =0.50, p=0.04). In Step 3, the addition of WPT8 scores marginally improved 

the capacity to predict verb argument accuracy, (R2=0.10, p=0.10). Of the three 

measures, the CMVT again obtained the strongest beta weight (MLAT: =0.27, p=0.30; 

CVMT: =0.51, p=0.06; WPT8, =-0.42, p=0.08). Notably, WPT8 scores inversely

predicted verb argument accuracy. Thus, at low proficiency, the addition of measures of

declarative and procedural memory was useful in predicting verb argument accuracy for 

learners in the explicit condition. 
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Table 49. Hierarchical Regression for MLAT, CVMT, and WPT8 Scores for Verb 
Argument Accuracy at Low Proficiency in the Explicit Condition.
Step Predictor b SE  p R2 R2 Adj. R2

1 (Constant) 0.05 0.22

MLAT 0.01 0.00 0.66* 0.01 0.43* 0.43* 0.39

2 (Constant) -0.04 0.19

MLAT 0.01 0.00 0.42+ 0.07

CVMT 0.15 0.06 0.50* 0.04 0.63* 0.19* 0.56

3 (Constant) -0.09 0.17

MLAT 0.01 0.00 0.61* 0.02

CVMT 0.18 0.06 0.63* 0.01

WPT8 -0.38 0.19 -0.42+ 0.08 0.73* 0.10+ 0.65

*p<0.05; +p<0.10. ANOVAs: Step 1, F(1,13)=9.22,  p=0.01; Step 2, F(2,13)=9.28,  
p=0.00; Step 3, F(3,13)=9.06,  p=0.00. 

5.7.1.4 Agreement, Advanced Proficiency

Hierarchical regression analysis results for agreement accuracy at advanced 

proficiency are presented in Table 50. In Step 1, MLAT total scores alone were 

significantly predictive, accounting for 37 percent of the variance in agreement accuracy 

(R2=0.37, p=0.02). In Step 2, the addition of the CVMT significantly improved the 

prediction of agreement accuracy (R2=0.24, p<0.05). The combined scores of the 

MLAT and CVMT accounted for 61 percent of the variance in agreement accuracy 

(p=0.01). Of the two measures, the CMVT obtained the stronger beta weight (MLAT: 

=0.34, p=0.14; CVMT: =0.56, p=0.03). In Step 3, WPT8 scores failed to add to the 

capacity to predict agreement accuracy, (R2=0.02, n.s.). Thus, at advanced proficiency, 
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only the addition of a measure of declarative memory was useful for predicting 

agreement accuracy for learners in the explicit condition. The MLAT and CVMT were 

the same measures that predicted agreement accuracy at low proficiency. Notably, by 

comparison, these two measures were less predictive at advanced proficiency.

Table 50. Hierarchical Regression for MLAT, CVMT, and WPT8 Scores for Agreement 
Accuracy at Advanced Proficiency in the Explicit Condition. 
Step Predictor b SE  p R2 R2 Adj. R2

1 (Constant) 0.38 0.18

MLAT 0.01 0.00 0.61 0.02 0.37* 0.37* 0.32

2 (Constant) 0.30 0.15

MLAT 0.00 0.00 0.34 0.14

CVMT 0.12 0.05 0.56* 0.03 0.61* 0.24* 0.54

3 (Constant) 0.32 0.26

MLAT 0.00 0.00 0.27 0.30

CVMT 0.11 0.05 0.51 0.06

WPT8 0.11 0.28 0.16 0.55 0.62* 0.02 0.51

*p<0.05; +p<0.10. ANOVAs: Step 1, F(1,13)=6.99,  p=0.02; Step 2, F(2,13)=8.47,  
p=0.01; Step 3, F(3,13)=5.45,  p=0.02. 
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5.7.1.5 Phrase Structure, Advanced Proficiency

Hierarchical regression analysis results for phrase structure accuracy at advanced 

proficiency are presented in Table 51. In Step 1, MLAT total scores alone were 

significantly predictive, accounting for 31 percent of the variance in agreement accuracy 

(R2=0.31, p=0.04). In Step 2, the addition of the CVMT improved the prediction of 

phrase structure accuracy, but the change in R2 was not significant (R2=0.16, n.s.). In 

Step 3, the addition of WPT8 scores also failed to augment the capacity to predict phrase 

structure accuracy, (R2=0.01, n.s.). Thus, at advanced proficiency, the addition of a 

measure of declarative memory, but not procedural memory, was useful in predicting 

phrase structure accuracy for learners in the explicit condition. The predictors followed 

the same pattern at low proficiency. The combined predictive capacity of the MLAT and 

CVMT at advanced proficiency was considerably less than that at low proficiency.
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Table 51. Hierarchical Regression for MLAT, CVMT, and WPT8 Scores for Phrase 
Structure Accuracy at Advanced Proficiency in the Explicit Condition..
Step Predictor b SE  p R2 R2 Adj. R2

1 (Constant) 0.60 0.13

MLAT 0.00 0.00 0.56* 0.04 0.31* 0.31* 0.26

2 (Constant) 0.56 0.12

MLAT 0.00 0.00 0.34 0.19

CVMT 0.07 0.04 0.46 0.09 0.48* 0.16 0.38

3 (Constant) 0.57 0.13

MLAT 0.00 0.00 0.28 0.36

CVMT 0.07 0.04 0.41 0.16

WPT8 0.07 0.15 0.14 0.64 0.49+ 0.01 0.34

*p<0.05; +p<0.10. ANOVAs: Step 1, F(1,13)=5.49,  p=0.04; Step 2, F(2,13)=5.01,  
p=0.03; Step 3, F(3,13)=3.18,  p=0.07. 

5.7.1.6 Verb Argument, Advanced Proficiency

Hierarchical regression analysis results for verb argument accuracy at advanced 

proficiency are presented in Table 52. In Step 1, MLAT total scores alone were not 

significantly predictive (R2=0.17, p=0.15) In Step 2, the addition of the CVMT 

significantly improved the prediction of verb argument accuracy (R2=0.26, p<0.05). The 

combined scores of the MLAT and CVMT accounted for 43 percent of the variance in 

agreement accuracy (p=0.05). Of the two measures, the CMVT obtained a much stronger 

beta weight (MLAT: =0.13, p=0.62; CVMT: =0.58, p=0.05). In Step 3, the addition of 

WPT8 scores failed to augment the capacity to predict phrase structure accuracy, 
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(R2=0.00, n.s.). This pattern of predictors differs from those observed at low 

proficiency, where the inverse of WPT8 scores augmented the predictive capacity of the 

MLAT and CVMT. These results suggest that at advanced proficiency, the addition of a 

measure of declarative memory, but not procedural memory, was very useful in 

predicting verb argument accuracy for learners in the explicit condition. 

Table 52. Hierarchical  Regression for MLAT, CVMT, and WPT8 Scores for Verb 
Argument Accuracy at Advanced Proficiency in the Explicit Condition..
Step Predictor b SE  p R2 R2 Adj. R2

1 (Constant) 0.54 0.21

MLAT 0.00 0.00 0.41 0.15 0.17 0.17 0.10

2 (Constant) 0.46 0.19

MLAT 0.00 0.00 0.13 0.62

CVMT 0.14 0.06 0.58* 0.05 0.43* 0.26* 0.32

3 (Constant) 0.47 0.20

MLAT 0.00 0.00 0.11 0.73

CVMT 0.13 0.07 0.56 0.08

WPT8 0.04 0.23 0.06 0.87 0.43 0.00 0.26

*p<0.05; +p<0.10. ANOVAs: Step 1, F(1,13)=2.41,  p=0.15; Step 2, F(2,13)=4.12,  
p=0.05; Step 3, F(3,13)=2.52,  p=0.12. 
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5.7.2 Aptitude and the Implicit Condition

5.7.2.1 Agreement, Low Proficiency

Hierarchical regression analysis results for agreement accuracy at low proficiency 

are presented in Table 53. In Step 1, MLAT total scores alone were not significant

(R2=0.26, p=0.21). In Step 2, the addition of the CVMT led to a marginal alpha level, and 

the change in R2,although large, was not significant (R2=0.16, n.s.). The MLAT and 

CVMT together accounted for 43 percent of variance (p=0.08). Of the two measures, the 

MLAT obtained the stronger beta weight (MLAT: =0.49, p=0.09; CVMT: =0.41, 

p=0.14). In Step 3, WPT8 scores failed to significantly change the model (R2=0.03, 

n.s.). In sum, at low proficiency, the addition of the CVMT was useful in predicting 

agreement accuracy for learners in the implicit condition. 

Table 53. Hierarchical Regression for MLAT, CVMT, and WPT8 Scores on Agreement 
Accuracy at Low Proficiency in the Implicit Condition.
Step Predictor b SE  p R2 R2 Adj. R2

1 (Constant) -0.02 0.33

MLAT 0.01 0.00 0.52 0.09 0.26 0.26 0.19

2 (Constant) -0.30 0.35

MLAT 0.01 0.00 0.49 0.09

CVMT 0.14 0.09 0.41 0.14 0.43+ 0.16 0.30

3 (Constant) -0.02 0.57

MLAT 0.01 0.00 0.45 0.13

CVMT 0.10 0.11 0.28 0.40

WPT8 -0.22 0.34 -0.21 0.54 0.46 0.03 0.25

*p<0.05; +p<0.10. ANOVAs: Step 1, F(1,11)=3.61,  p=0.09; Step 2, F(2,11)=3.39,  
p=0.08; Step 3, F(3,11)=2.25,  p=0.16. 
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5.7.2.2 Phrase Structure, Low Proficiency

Hierarchical regression analysis results for phrase structure accuracy at low 

proficiency are presented in Table 54. In Step 1, MLAT total scores alone were not 

significantly predictive (R2=0.15, p=0.21). In Step 2, the addition of the CVMT did not 

improve the prediction of phrase structure accuracy (R2=0.14, n.s.). In Step 3, WPT8 

scores increased the capacity to predict phrase structure accuracy, although the alpha 

level became only marginally significant (R2=0.25, p<0.08). The combined scores of the 

MLAT, CVMT, and WPT8 accounted for 55 percent of the variance in phrase structure 

accuracy (p=0.08). Of the three measures, WPT8 obtained the strongest beta weight 

(MLAT: =0.26, p=0.31; CVMT: =0.01, p=0.96; WPT8, =-0.63, p=0.07). Notably, 

WPT8 scores inversely predicted phrase structure accuracy. Thus, at low proficiency, 

only the addition of measure of procedural memory was useful in predicting phrase 

structure accuracy for learners in the implicit condition, and its contribution yielded a 

negative regression slope. 
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Table 54. Hierarchical Regression for MLAT, CVMT, and WPT8 Scores for Phrase 
Structure Accuracy at Low Proficiency in the Implicit Condition.
Step Predictor b SE  p R2 R2 Adj. R2

1 (Constant) 0.29 0.31

MLAT 0.01 0.00 0.39 0.21 0.15 0.15 0.07

2 (Constant) 0.05 0.35

MLAT 0.00 0.00 0.36 0.23

CVMT 0.12 0.09 0.38 0.21 0.29 0.14 0.14

3 (Constant) 0.82 0.47

MLAT 0.00 0.00 0.26 0.31

CVMT 0.00 0.09 0.01 0.96

WPT8 -0.58 0.28 -0.63+ 0.07 0.55+ 0.25+ 0.38

*p<0.05; +p<0.10. ANOVAs: Step 1, F(1,11)=1.81,  p=0.21; Step 2, F(2,11)=1.87,  
p=0.21; Step 3, F(3,11)=3.21,  p=0.08. 

5.7.2.3 Verb Argument, Low Proficiency

Hierarchical regression analysis results for verb argument accuracy at low 

proficiency are presented in Table 55. In Step 1, MLAT total scores alone were not 

significantly predictive (R2=0.14, p=0.22). In Step 2, the addition of the CVMT did not 

augment the prediction of verb argument accuracy (R2=0.03, n.s.). In Step 3, WPT8 

scores also failed to significantly change the capacity to predict verb argument accuracy, 

(R2=0.13, n.s.). Thus, at low proficiency, neither declarative nor procedural memory 

measures augmented the predictive capacity of the MLAT for verb argument accuracy in 

the implicit condition. 
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Table 55. Hierarchical Regression for MLAT, CVMT, and WPT8 Scores for Verb 
Argument Accuracy at Low Proficiency in the Implicit Condition.
Step Predictor b SE  p R2 R2 Adj. R2

1 (Constant) 0.17 0.36

MLAT 0.01 0.00 0.38 0.22 0.14 0.14 0.06

2 (Constant) 0.06 0.43

MLAT 0.01 0.00 0.37 0.26

CVMT 0.06 0.11 0.16 0.61 0.17 0.03 -0.02

3 (Constant) 0.68 0.66

MLAT 0.00 0.00 0.30 0.36

CVMT -0.04 0.13 -0.10 0.79

WPT8 -0.47 0.39 -0.45 0.26 0.30 0.13 0.04

*p<0.05; +p<0.10. ANOVAs: Step 1, F(1,11)=1.69,  p=0.22; Step 2, F(2,11)=0.92,  
p=0.43; Step 3, F(3,11)=1.13,  p=0.39. 

5.7.2.4 Agreement, Advanced Proficiency

Hierarchical regression analysis results for agreement accuracy at advanced 

proficiency are presented in 
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Table 56. In Step 1, MLAT total scores alone were not significantly predictive (R2=0.09, 

p=0.34). In Step 2, the addition of the CVMT did not augment the prediction of 

agreement accuracy (R2=0.08, n.s.). In Step 3, WPT8 scores also failed to significantly 

change the capacity to predict agreement accuracy, (R2=0.03, n.s.). In sum, at advanced 

proficiency, neither declarative nor procedural memory measures augmented the 

predictive capacity of the MLAT for agreement accuracy in the implicit condition. 
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Table 56. Hierarchical Regression for MLAT, CVMT, and WPT8 Scores for Agreement 
Accuracy at Advanced Proficiency in the Implicit Condition.
Step Predictor b SE  p R2 R2 Adj. R2

1 (Constant) 0.44 0.38

MLAT 0.00 0.00 0.30 0.34 0.09 0.09 0.00

2 (Constant) 0.23 0.44

MLAT 0.00 0.00 0.28 0.38

CVMT 0.10 0.11 0.28 0.39 0.17 0.08 -0.02

3 (Constant) -0.06 0.73

MLAT 0.00 0.00 0.32 0.36

CVMT 0.15 0.15 0.39 0.34

WPT8 0.22 0.43 0.20 0.62 0.19 0.03 -0.11

*p<0.05; +p<0.10. ANOVAs: Step 1, F(1,11)=1.00,  p=0.34; Step 2, F(2,11)=0.90,  
p=0.44; Step 3, F(3,11)=0.64,  p=0.61. 

5.7.2.5 Phrase Structure, Advanced Proficiency

Results for the hierarchical regression analysis for phrase structure accuracy at 

advanced proficiency are presented in Table 57. In Step 1, MLAT total scores alone were 

not significantly predictive (R2=0.18, p=0.17). In Step 2, the addition of the CVMT 

improved the prediction of phrase structure accuracy, but the alpha level was only 

marginally significant (R2=0.27, p<0.08). The combined scores of the MLAT and 

CVMT accounted for 45 percent of the variance in agreement accuracy (p=0.07). Of the 

two measures, the CMVT obtained a stronger beta weight (MLAT: =0.39, p=0.15; 

CVMT: =0.52, p=0.06). In Step 3, the addition of WPT8 scores failed to augment the 

capacity to predict phrase structure accuracy, (R2=0.01, n.s.). The predictors followed 
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different patterns for low and advanced proficiency. Recall that at low proficiency, WPT8 

was a significant inverse predictor. In sum, at advanced proficiency, the addition of a 

measure of declarative memory, but not procedural memory, was useful in predicting 

phrase structure accuracy for learners in the implicit condition.

Table 57. Hierarchical Regression for MLAT, CVMT, and WPT8 Scores for Phrase 
Structure Accuracy at Advanced Proficiency in the Implicit Condition.
Step Predictor b SE  p R2 R2 Adj. R2

1 (Constant) 0.78 0.11

MLAT 0.00 0.00 0.42 0.17 0.18 0.18 0.10

2 (Constant) 0.66 0.11

MLAT 0.00 0.11 0.39 0.15

CVMT 0.06 0.03 0.52+ 0.06 0.45+ 0.27+ 0.33

3 (Constant) 0.62 0.18

MLAT 0.00 0.00 0.40 0.17

CVMT 0.07 0.04 0.59 0.10

WPT8 0.04 0.11 0.11 0.74 0.46 0.01 0.26

*p<0.05; +p<0.10. ANOVAs: Step 1, F(1,11)=2.17,  p=0.17; Step 2, F(2,11)=3.70,  
p=0.07; Step 3, F(3,11)=2.26,  p=0.16.

5.7.2.6 Verb Argument, Advanced Proficiency

Hierarchical regression analysis results for verb argument accuracy at advanced 

proficiency are presented in Table 58. In Step 1, MLAT total scores alone were not 

significantly predictive (R2=0.11, p=0.30). In Step 2, the addition of the CVMT did not 

significantly improve the prediction of verb argument accuracy (R2=0.01, n.s.). In Step 

3, the addition of WPT8 scores failed to augment the capacity to predict phrase structure 
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accuracy, (R2=0.00, n.s.). This pattern of predictors differs from those observed at low 

proficiency, where the inverse of WPT8 scores augmented the predictive capacity of the 

MLAT and CVMT. As with low proficiency, at advanced proficiency, neither declarative 

nor procedural memory measures augmented the predictive capacity of the MLAT for 

verb argument accuracy for learners in the implicit condition. 

Table 58. Hierarchical Regression for MLAT, CVMT, and WPT8 Scores for Verb 
Argument Accuracy at Advanced Proficiency in the Implicit Condition.
Step Predictor b SE  p R2 R2 Adj. R2

1 (Constant) 0.58 0.26

MLAT 0.00 0.00 0.33 0.30 0.11 0.11 0.02

2 (Constant) 0.52 0.32

MLAT 0.00 0.00 0.32 0.33

CVMT 0.03 0.08 0.11 0.74 0.12 0.01 -0.08

3 (Constant) 0.51 0.53

MLAT 0.00 0.00 0.32 0.37

CVMT 0.03 0.10 0.11 0.79

WPT8 0.01 0.31 0.01 0.98 0.12 0.00 -0.21

*p<0.05; +p<0.10. ANOVAs: Step 1, F(1,11)=1.22,  p=0.30; Step 2, F(2,11)=0.62,  
p=0.56; Step 3, F(3,11)=0.36,  p=0.78.

5.7.3 Summary of Results of the Hierarchical Regression Analysis

Hierarchical regression analysis indicated that the addition of the CVMT was 

selectively beneficial as a function of instructional condition. For the explicit condition 

indicated that the addition of the CVMT improved the capacity to predict L2 grammar at 

low proficiency, as was hypothesized. Significant changes in R2 were obtained for all 



248

three structures at low proficiency. At advanced proficiency, results indicate that the 

addition of WPT8 did not improve the ability to predict advanced L2 grammar. 

Hierarchical regression analysis for the implicit condition indicated that the 

addition of the CVMT did not significantly improve the capacity to predict L2 grammar 

at low proficiency, as was hypothesized. At advanced proficiency, the addition of the 

WPT8 failed to improve the ability to predict advanced L2 grammar in the implicit 

condition. Therefore, results form the implicit condition suggest that neither declarative 

nor procedural memory measures improve the ability to predict L2 grammar. 

Taken together, results indicate that adding an index of declarative memory 

ability augmented MLAT-based aptitude prediction at low proficiency (and advanced 

proficiency, see above), but only for learners in the explicit condition. This supports the 

hypothesis that declarative memory measures may augment MLAT-based aptitude 

prediction, especially for learners receiving the explicit instruction. 

Results further suggest that adding an index of procedural memory abilities did 

not augment MLAT-based aptitude prediction of L2 grammar at advanced proficiency for 

learners in either condition (except as a marginally significant negative predictor at low 

proficiency, see above). These findings fail to support the hypothesis that procedural 

memory measures may augment MLAT-based aptitude prediction.
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CHAPTER 6 – PROCEDURAL MEMORY AND NEUROCOGNITIVE PROCESSES

6.1 Introduction

This chapter investigates hypothesis H2b, repeated below for convenience:

H2b: Procedural memory task performance will predict neurocognitive processing 

of L2 grammar. However, it will be more predictive for learners in the implicit 

condition and learners with stronger procedural memory abilities.

This hypothesis was addressed by investigating whether successful procedural learners 

(SPLs) and unsuccessful procedural learners (UPLs), based on a median split of WPT8 

scores (median=0.67; see Chapter 5), display early anterior negativities in response to a

grammaticality judgment test. This specific ERP component was the focus of this 

investigation because it typically occurs in response to agreement and phrase structure 

violations and is posited to index automatic syntactic parsing processes (Friederici, 2002; 

Chapter 1). Participants included in these analyses had complete sets of WPT8 data and 

ERP data (N=26; Explicit SPL/UPL n=7/7; Implicit SPL/UPL n=6/6).

The dependent variables were based on two grammar structures—agreement and 

phrase structure—that were posited to depend on procedural memory. As reported in 

Chapter 5, WPT8 scores predicted accuracy for these structures in the implicit condition, 

where better procedural memory abilities were associated with increased accuracy at 

advanced proficiency for the SPL subgroup. These findings will inform hypotheses for 

the ERP investigation that is the focus of this chapter.

As described in Chapter 1 and Chapter 4, ERPs are “event-related potentials,” a 

term that describes the neural activation that takes place in response to an event. In the 

current investigation, the “event” is a grammatical violation for agreement structure or 
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phrase structure in Brocanto2. The amplitude of neural responses to violations was 

averaged across participants, and compared to the average amplitude of neural responses 

to correct sentences. 

Neural activity was recorded continuously by scalp electrodes, and those

following the triggering event (i.e., the word that signals that the structure is correct or a 

violation) were examined. The focus of the current study will be the activity that occurs 

between 100-1200ms (agreement) or 100-1000ms (phrase structure) after the onset of the 

target word. Within this period, language-related components of interest occur. The 

current investigation is particularly concerned with anterior negativities (see Chapter 1)..

To identify components, ERP data from 20 electrodes were analyzed in units of 

time called time windows. For analyses involving agreement structure, data were 

averaged for the following five time windows: 100-250ms, 250-400ms, 400-600ms, 600-

800ms, and 800-1200ms. For analyses involving phrase structure, data were averaged for 

the following five time windows: 100-200ms, 200-400ms, 400-600ms, 600-800ms, and 

800-1000ms. Data was included from 20 electrodes distributed across the scalp (Figure 

8): FF1, FF2, FP3, FP4, F1, F2, F7, F8, C3, C4, P3, P4, PO3, PO4, T3, T4, T5, T6, OL, 

and OR. These electrodes are associated with specific regions in the current analysis: 

medial, lateral, anterior, anterior central, central, posterior central, posterior, left 

hemisphere, and right hemisphere (Table 59).
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Figure 8. A map showing an arrangement of 58 electrodes around the scalp.

F electrodes (top) are above the eyes and forehead, while O electrodes are above the nape 

of the neck (bottom). Color patterns reflect the magnitude and polarity of the difference 

between mean amplitude for correct and violation conditions; red tones=positive 

deflection; blue tones=negative deflection.
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Table 59. Regions and Electrodes.
Factor Region Electrodes

Medial FF1/2, F1/2, C3/4, P3/4, PO3/4Laterality

Lateral FP3/4, F7/8, T3/4, T5/6, OL/R

Anterior FF1/2, FP3/4

Anterior Central F1/2, F7/8

Central C3/4, T3/4

Posterior Central P3/4, T5/6

Anterior/ 
Posterior

Posterior PO3/4, OL/R

Left Hemisphere A1, F1, C3, P3, D3, A3, F7, T3, T5, OLHemisphere

Right Hemisphere A2, F2, C4, P4, D4, A4, F8, T4, T6, OR

The following sections examine differences in neurocognitive processing between 

SPLs and UPLs in the explicit and implicit learning conditions, at low and advanced 

proficiency. The specific hypotheses are based on the findings from behavioral data 

reported in Chapter 5, which indicated that (a) WPT8 did not predict proficiency in the 

explicit condition when learners were divided into SPL and UPL groups, and (b) WPT8 

predicted advanced proficiency for implicit SPLs, but not implicit UPLs:

H2bi: SPLs and UPLs in the explicit condition will not display procedural 

memory involvement. 

H2bii: Implicit SPLs, but not implicit UPLs, will display anterior negativities at 

advanced, but not low, proficiency.
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For each proficiency level, the factorial design of the global repeated measures 

ANCOVAs included two between-subjects factors and four within-subjects factors: 

Group (explicit, implicit), Ability (SPL, UPL), Item Type (correct, violation), Laterality 

(more lateral, more midline), Anterior/Posterior (anterior, central, posterior), and 

Hemisphere (right, left). One covariate was entered, CVMT scores, to control for 

individual differences in declarative memory (see Chapter 5). When p-values in the 

global repeated measures analyses were significant (p<0.05) or marginally significant 

(p<0.10), follow-up analyses were conducted to ascertain whether SPLs and UPLs 

displayed different responses to the stimuli within each condition. When significant or 

marginally significant results were obtained, additional step-down analyses were 

performed on specific regions (Figure 8, Table 59). If these were significant, further 

analyses were performed to examine specific electrodes. 

First, ERP patterns at low proficiency are described for agreement and phrase 

structure conditions, and second, ERP patterns at advanced proficiency are described for 

agreement and phrase structure conditions.

6.2 ERP Patterns of SPLs and UPLs at Low Proficiency

6.2.1 Agreement at Low Proficiency

6.2.1.1 Explicit SPLs and UPLs, Agreement at Low Proficiency

Figure 9 and Figure 10 present grand averages of electrophysiological activity in 

response to correct and incorrect agreement structure for explicit SPLs and UPLs. Neither 

group displays an anterior negativity (Appendix G). Results of repeated measures 

ANCOVA comparing SPLs and UPLs on agreement structure violations are reported in 



254

Table 60. There were no significant or marginally significant interaction effects. In sum, 

SPL and UPL participants did not display significantly anterior negativities. 

Table 60. ANCOVAs for Explicit Condition ERP Data for Agreement Violation Items 
versus Matched Control Sentences at Low Proficiency.
Source df 100-

250ms

250-

400ms

400-

600ms

600-

800ms

800-

1200ms

IT X A 1, 11 0.03 0.19 0.18 0.04 1.02

L x IT X A 1, 11 0.61 0.09 0.00 0.21 1.61

AP x IT X A 1, 44 0.08 0.31 0.11 0.21 0.27

H x IT X A 1, 11 0.08 0.24 2.31 2.21 0.77

L x AP x IT X A 1, 44 0.16 0.19 0.19 0.24 0.31

L x H x IT X A 1, 11 0.01 0.00 0.81 0.77 1.33

AP x H x IT X A 1, 44 2.12 0.64 1.02 1.12 0.80

L x AP x H x IT X A 1, 44 1.06 1.14 1.02 0.44 0.29

Note. The F values are reported. IT=Item Type (Correct, Violation); L=Laterality 
(Lateral, Medial); AP=Anterior/ Posterior; H=Hemisphere (Left, Right). For interactions 
involving the variable AP, p values are based on the Huynh-Feldt correction. + marginal; 
* p < 0.05.
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Figure 9. Explicit SPLs: Grand average ERPs contrasting agreement violations and 
matched controls at low proficiency.
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Figure 10. Explicit UPLs: Grand average ERPs contrasting agreement violations and 
matched controls at low proficiency.
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6.2.1.2 Implicit SPLs and UPLs, Agreement at Low Proficiency

Figure 11 and Figure 12 present grand averages of electrophysiological activity in 

response to correct and incorrect agreement structure for implicit SPLs and UPLs. Data 

for SPLs display an ongoing negativity that appears to be an artifact, especially because it 

begins prior to stimulus onset. UPLs display an N400-like negativity in medial temporo-

parietal regions. These group differences were not significant in step-down analyses. 

Results of repeated measures ANCOVA for comparing SPLs and UPLs on correct 

versions or violations of Brocanto2 agreement structure are presented in Table 61. 

Significant interaction effects in the second and fourth time windows were not significant 

in step-down analyses (Appendix G).

Table 61. ANCOVAs for Implicit Condition ERP Data for Agreement Violation Items 
versus Matched Control Sentences at Low Proficiency.
Source df 100-

250ms

250-

400ms

400-

600ms

600-800ms 800-

1200ms

IT X A 1, 9 1.69 0.10 0.04 1.44 0.02

L x IT X A 1, 9 0.14 1.18 1.53 1.31 1.87

AP x IT X A 4, 36 2.38 0.81 0.64 1.48 1.78

H x IT X A 1, 9 0.01 2.73 0.21 2.39 2.93

L x AP x IT X A 4, 36 0.90 0.88 1.26 2.03 1.49

L x H x IT X A 1, 9 0.56 1.43 0.50 1.09 1.13

AP x H x IT X A 4, 36 1.20 1.92 1.36 2.03 1.70

L x AP x H x IT X A 4, 36 0.55 3.16+ 2.77 3.05+ 1.52

Note. The F values are reported. IT=Item Type (Correct, Violation); L=Laterality 
(Lateral, Medial); AP=Anterior/ Posterior; H=Hemisphere (Left, Right). For interactions 
involving the variable AP, p values are based on the Huynh-Feldt correction. + marginal; 
* p < 0.05. 
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Figure 11. Implicit SPLs: Grand average ERPs contrasting agreement violations and 
matched controls at low proficiency.
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Figure 12. Implicit UPLs: Grand average ERPs contrasting agreement violations and 
matched controls at low proficiency.
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6.2.2 Phrase Structure at Low Proficiency

6.2.2.1 Explicit SPLs and UPLs, Phrase Structure at Low Proficiency

Figure 13 and Figure 14 present grand averages of electrophysiological activity 

for correct and incorrect phrase structure sentences for explicit SPLs and UPLs. Neither 

group displayed the anterior negativity associated with syntactic errors. Results of 

repeated measures ANCOVA comparing SPLs and UPLs on correct and violation types 

are presented in Table 62. The one significant interaction, of Laterality x Item Type x 

Ability in the third time window, was not significant in step-down analyses (Appendix 

G).

Table 62. ANCOVAs for Explicit Condition ERP Data for Phrase Structure Violation 
Items versus Matched Control Sentences at Low Proficiency.
Source df 100-

200ms

200-

400ms

400-

600ms

600-800ms 800-

1200ms

IT x A 1, 11 0.19 0.95 1.12 0.00 0.27

L x IT x A 1, 11 1.23 2.37 4.24+ 2.30 2.70

AP x IT x A 4, 44 0.07 0.21 0.22 0.08 0.04

H x IT x A 1, 11 1.22 0.04 0.11 0.00 0.23

L x AP x IT x A 4, 44 0.40 0.31 0.50 0.32 0.44

L x H x IT x A 1, 11 1.26 0.09 0.00 0.01 0.01

AP x H x IT x A 4, 44 1.01 0.44 0.66 0.31 0.17

L x AP x H x IT x A 4, 44 0.97 0.13 0.15 0.20 0.21

Note. The F values are reported. IT=Item Type (Correct, Violation); L=Laterality
(Lateral, Medial); AP=Anterior/ Posterior; H=Hemisphere (Left, Right). For interactions 
involving the variable AP, p values are based on the Huynh-Feldt correction. + marginal; 
* p < 0.05.
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Figure 13. Explicit SPLs: Grand average ERPs contrasting phrase structure violations 
and matched controls at low proficiency.
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Figure 14. Explicit UPLs: Grand average ERPs contrasting phrase structure violations 
and matched controls at low proficiency.
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6.2.2.2. Implicit SPLs and UPLs, Phrase Structure at Low Proficiency

Figure 15 and Figure 16 present grand averages of electrophysiological activity 

for correct and incorrect phrase structure sentences for implicit SPLs and UPLs. SPLs 

display an ongoing negativity which appears to be an artifact, as it begins before stimulus 

onset. UPLs do not display an early anterior negativity, but display an N400. Results of 

between groups repeated measures ANCOVA on correct and violation types are 

presented in Table 63. These indicate that the N400 displayed by UPLs in the 400-600ms 

time window represented a significant group difference. 

Between 400-600ms, there was a significant interaction effect for 

Anterior/Posterior x Item Type x Ability (F(4,36)=5.32, p=0.03, 2=0.36). Follow-up 

analyses did not reveal any significant or marginally significant interaction effects for 

Anterior/Posterior x Item Type for SPLs, but did for UPLs (F(4,36)=56.13, p=0.00, 

2=0.58). Follow-up analyses of  UPL Anterior/Posterior regions indicated there were 

significant main effects for central, posterior central, and posterior.  Follow-up analyses 

revealed a significant or marginally significant main effect for Item Type for almost all 

individual electrodes in these three regions: C4, T4, P3/4, T5/6, PO3/4, OL/R. Thus, the 

posterior central negativity displayed by UPLs represents a significant difference for

UPLs, and is also a significant effect. The timing and location of the effect is suggestive 

of an N400, an ERP component linked to declarative memory.
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Table 63. ANCOVAs for Implicit Condition ERP Data for Phrase Structure Violation 
Items versus Matched Control Sentences at Low Proficiency.
Source df 100-

200ms

200-

400ms

400-

600ms

600-800ms 800-

1200ms

IT x A 1, 9 3.03 0.00 0.73 0.47 0.00

L x IT x A 1, 9 2.04 1.74 0.02 0.19 0.17

AP x IT x A 4, 36 3.30+ 1.73 5.32* 5.47* 2.32

H x IT x A 1, 9 0.12 1.00 1.06 1.61 1.07

L x AP x IT x A 4, 36 1.19 0.93 0.27 1.16 0.78

L x H x IT x A 1, 9 0.26 0.96 1.11 1.94 0.93

AP x H x IT x A 4, 36 1.20 1.05 0.77 1.36 1.14

L x AP x H x IT x A 4, 36 1.27 1.42 1.20 1.37 0.94

Note. The F values are reported. IT=Item Type (Correct, Violation); L=Laterality
(Lateral, Medial); AP=Anterior/ Posterior; H=Hemisphere (Left, Right). For interactions 
involving the variable AP, p values are based on the Huynh-Feldt correction. + marginal; 
* p < 0.05.
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Figure 15. Implicit SPLs: Grand average ERPs contrasting phrase structure violations 
and matched controls at low proficiency.
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Figure 16. Implicit UPLs: Grand average ERPs contrasting phrase structure violations 
and matched controls at low proficiency.
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6.3 ERP Patterns of SPLs and UPLs at Advanced Proficiency

6.3.1 Agreement at Advanced Proficiency

6.3.1.1 Explicit SPLs and UPLs, Agreement at Advanced Proficiency

Figure 17 and Figure 18 present grand averages of electrophysiological activity in 

response to correct and incorrect agreement structure for explicit SPLs and UPLs at 

advanced proficiency. Neither group displayed an early anterior negativity, although 

SPLs display a significant N400-like component in the second time window (Appendix 

G). Results of repeated measures ANCOVA (Table 64) indicate that there are significant 

between-group effects. These could not be traced to early anterior negativities. 

Table 64. ANCOVAs for Explicit Condition ERP Data for Agreement Violation Items 
versus Matched Control Sentences at Advanced Proficiency.
Source df 100-

250ms

250-

400ms

400-

600ms

600-800ms 800-

1200ms

IT X A 1, 11 5.56* 1.92 0.00 0.50 0.13

L x IT X A 1, 11 0.49 0.87 1.70 7.22* 1.83

AP x IT X A 4, 44 0.16 0.10 4.14* 8.85* 2.33

H x IT X A 1, 11 1.20 0.04 0.41 0.09 0.01

L x AP x IT X A 4, 44 0.39 0.14 1.19 0.76 0.17

L x H x IT X A 1, 11 2.47 0.01 0.00 0.02 0.11

AP x H x IT X A 4, 44 1.01 0.74 0.73 0.93 2.27

L x AP x H x IT X A 4, 44 1.37 0.91 1.20 2.51+ 2.31

Note. The F values are reported. IT=Item Type (Correct, Violation); L=Laterality 
(Lateral, Medial); AP=Anterior/ Posterior; H=Hemisphere (Left, Right). For interactions 
involving the variable AP, p values are based on the Huynh-Feldt correction. + marginal; 
* p < 0.05. 
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Figure 17. Explicit SPLs: Grand average ERPs contrasting agreement violations and 
matched controls at advanced proficiency.
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Figure 18. Explicit UPLs: Grand average ERPs contrasting agreement violations and 
matched controls at advanced proficiency.
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6.3.1.2 Implicit SPLs and UPLs, Agreement at Advanced Proficiency

Figure 19 and Figure 20 present grand averages of electrophysiological activity in 

response to correct and incorrect agreement structure at advanced proficiency for implicit 

SPLs and UPLs. SPLs display an early anterior negativity that is bilateral in fronto-

central electrodes and left-lateralized in central electrodes. UPLs display a broadly 

distributed weak negativity that is left lateralized in fronto-central electrodes and more 

medial in parietal electrodes. The UPL pattern is unclear; possibly some learners 

displayed an anterior negativity while others displayed an N400, and these effects 

blended in the averaging process (Appendix G). Results of repeated measures ANCOVA 

(Table 65) indicate that the anterior negativity displayed by SPLs was not significantly 

different from the distributed negativity displayed by UPLs. 

Table 65. ANCOVAs for Implicit Condition ERP Data for Agreement Violation Items 
versus Matched Control Sentences at Advanced Proficiency.
Source df 100-

250ms

250-

400ms

400-

600ms

600-800ms 800-

1200ms

IT X A 1, 9 0.67 0.96 0.53 3.00 0.66

L x IT X A 1, 9 0.01 0.71 0.18 0.87 0.42

AP x IT X A 4, 36 0.41 2.51 0.09 2.12 0.03

H x IT X A 1, 9 0.06 0.11 0.49 6.84* 2.36

L x AP x IT X A 4, 36 0.23 0.47 0.64 0.64 0.75

L x H x IT X A 1, 9 0.69 1.05 0.35 0.99 0.47

AP x H x IT X A 4, 36 0.47 1.11 2.84* 4.07* 1.32

L x AP x H x IT X A 4, 36 1.25 0.96 1.42 2.25+ 1.50

Note. The F values are reported. IT=Item Type (Correct, Violation); L=Laterality 
(Lateral, Medial); AP=Anterior/ Posterior; H=Hemisphere (Left, Right). 
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Figure 19. Implicit SPLs: Grand average ERPs contrasting agreement violations and 
matched controls at advanced proficiency.
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Figure 20. Implicit UPLs: Grand average ERPs contrasting agreement violations and 
matched controls at advanced proficiency.
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6.3.2 Phrase Structure at Advanced Proficiency

6.3.2.1 Explicit SPLs and UPLs, Phrase Structure at Advanced Proficiency

Figure 21 and Figure 22 present grand averages of electrophysiological activity 

for correct and incorrect phrase structure sentences for explicit SPLs and UPLs. Neither 

group displayed an early anterior negativity, although UPLs displayed a late N400 (not 

significant in ANCOVA). This difference didn’t reach significance in step-down 

ANCOVAs (Table 66) 

Table 66. ANCOVAs for Explicit Condition ERP Data for Phrase Structure Violation 
Items versus Matched Control Sentences at Advanced Proficiency.
Source df 100-

200ms

200-

400ms

400-

600ms

600-800ms 800-

1000ms

IT x A 1, 11 0.76 0.73 3.60+ 5.74* 0.46

L x IT x A 1, 11 4.14+ 1.13 0.09 0.45 0.19

AP x IT x A 4, 44 0.18 0.97 0.21 0.83 0.14

H x IT x A 1, 11 1.09 4.94* 0.02 0.01 0.72

L x AP x IT x A 4, 44 2.88+ 0.96 0.89 2.05 2.17+

L x H x IT x A 1, 11 0.05 0.30 0.05 0.03 0.00

AP x H x IT x A 4, 44 0.91 0.42 0.56 1.47 1.09

L x AP x H x IT x A 4, 44 1.15 2.50 1.28 1.27 1.32

Note. The F values are reported. IT=Item Type (Correct, Violation); L=Laterality
(Lateral, Medial); AP=Anterior/ Posterior; H=Hemisphere (Left, Right). For interactions 
involving the variable AP, p values are based on the Huynh-Feldt correction. + marginal; 
* p < 0.05.



274

Figure 21. Explicit SPLs: Grand average ERPs contrasting phrase structure violations 
and matched controls at advanced proficiency.
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Figure 22. Explicit UPLs: Grand average ERPs contrasting phrase structure violations 
and matched controls at advanced proficiency.
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6.3.2.2 Implicit SPLs and UPLs, Phrase Structure at Advanced Proficiency

Figure 23 and Figure 24 present grand averages of electrophysiological activity 

for correct and incorrect phrase structure sentences for implicit SPLs and UPLs. Both 

groups display anterior negativities in the second and third time windows. For SPLs, the 

effect has a stronger bilateral presence, whereas for UPLs, the effect is more left-

lateralized (Appendix G). Between-groups repeated measures ANCOVA (Table 67) and 

step-down analyses indicate that differences in this effect reached significance in the third 

time window. 

Table 67. ANCOVAs for Implicit Condition ERP Data for Phrase Structure Violation 
Items versus Matched Control Sentences at Advanced Proficiency.
Source df 100-

200ms

200-

400ms

400-

600ms

600-800ms 800-

1000ms

IT x A 1, 9 3.48+ 0.00 0.22 0.04 1.18

L x IT x A 1, 9 2.14 0.42 1.80 1.27 0.09

AP x IT x A 4, 36 0.56 0.85 0.57 0.47 1.87

H x IT x A 1, 9 3.68+ 0.29 1.89 2.27 0.45

L x AP x IT x A 4, 36 1.27 1.49 7.74* 5.39* 1.07

L x H x IT x A 1, 9 2.32 0.05 0.45 0.53 0.09

AP x H x IT x A 4, 36 1.68 1.93 0.37 0.60 1.03

L x AP x H x IT x A 4, 36 0.42 0.21 0.55 0.32 0.36

Note. The F values are reported. IT=Item Type (Correct, Violation); L=Laterality
(Lateral, Medial); AP=Anterior/ Posterior; H=Hemisphere (Left, Right). For interactions 
involving the variable AP, p values are based on the Huynh-Feldt correction. + marginal; 
* p < 0.05.
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Figure 23. Implicit SPLs: Grand average ERPs contrasting phrase structure violations 
and matched controls at advanced proficiency.
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Figure 24. Implicit UPLs Grand average ERPs contrasting phrase structure violations 
and matched controls at advanced proficiency.
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6.4 Summary and Conclusions for Chapter 6

The analyses presented above investigated whether there were differences in the 

presence of anterior negativities for learners with stronger and weaker procedural 

learning abilities. Voltage maps indicated that learners displayed anterior negativities 

only at advanced proficiency, and only in the implicit condition. This suggests that 

implicit instruction promotes proceduralization, a finding that parallels behavioral data. 

SPLs displayed early anterior negativities that were bilateral in fronto-central electrodes 

for both agreement and phrase structure. In contrast, UPLs did not display a clear anterior 

negativity effect for Agreement, while the anterior negativity they displayed for Phrase 

Structure is more left-lateralized. The pattern of results will be further discussed in 

Chapter 7.

Hypotheses were partially supported. SPLs and UPLs in the explicit condition did

not display procedural memory involvement, in that neither group displayed an early 

anterior negativity.  In the implicit condition, SPLs, but not UPLs, displayed an anterior 

for agreement at advanced proficiency. However, both groups displayed early anterior 

negativities for phrase structure at advanced proficiency. The anterior negativity 

displayed by SPLs was qualitatively different from that displayed by UPLs, however, in 

that it was bilateral. This suggests that WPT8 performance is associated with a specific 

type of bilateral early anterior negativity. This will be discussed in Chapter 7.
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CHAPTER 7 – DISCUSSION AND CONCLUSION

This final chapter summarizes and discusses the results presented in Chapter 5 

and Chapter 6. The chapter revisits each research question and discusses whether 

hypotheses were supported. In this investigation, 29 participants learned an artificial 

language, Brocanto2, through explicit or implicit instruction. Prior to language learning, 

they completed a battery of cognitive ability tests that assessed declarative, procedural, 

and working memory abilities, L2 aptitude, and aspects of intelligence. Their proficiency 

was assessed on three structures at low and advanced proficiency benchmarks: 

agreement, phrase structure, and verb argument. Agreement and phrase structure were 

designed to index rule-based grammar learning, while verb argument was intended to 

index lexical aspects of grammar. The dependent measures discussed below are GJT 

subtest accuracy and ERP data. Discussion of research goals and outcomes of this study 

are followed by general discussion, limitations and ideas for future research, and the 

conclusion. 

7.1 Declarative Memory and SLA

The declarative memory system subserves encoding, storage, and retrieval of 

semantic (facts) and episodic knowledge (events). This memory system relies on 

associative processes, input frequency, and spreading activation for these functions. For 

SLA, the DP model proposes that this system handles all aspects of the mental lexicon, 

and that it subserves L2 grammar in a time/practice-dependent manner. According to the 

DP model, declarative memory subserves L2 grammar early during L2 learning, but that 

this contribution tapers off with L2 practice. With repeated exposure, L2 grammar is 

predicted to shift to procedural memory. Thus, a strict interpretation of the DP model 
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hypothesis suggests that tests of declarative memory should strongly predict both lexicon 

and grammar in early stages of SLA, but that their prognostic success may diminish at 

higher levels of proficiency/practice. The strict interpretation of the DP model may not be 

the most precise interpretation, however. This is because the claims of the DP model are 

linked to research and theories that pertain to declarative and procedural memory. This 

research suggests that both internal and external factors may mediate the involvement of 

declarative and procedural memory. Research on external factors suggests that the 

manner in which input is conveyed to L2 learners influences the levels of declarative and 

procedural memory involvement. Learning through explicit instruction may encourage 

reliance on declarative memory, while learning through implicit instruction may not (e.g., 

Fletcher et al., 2005; Poldrack et al., 2001). In addition, research suggests that individuals 

differ in declarative memory strength (Fernandez et al., 2003; Ullman, 2005). 

When declarative memory is weakened, whether because of internal or external 

influences, individuals may compensate for the loss by relying on other cognitive systems 

(Cohen & Eichenbaum, 2001). Similarly, if declarative memory is strong, it may suppress 

involvement of the procedural system (Poldrack and Packard, 2003; Seger & Cincotta, 

2005b). From the standpoint of cognition, because of external and internal factors, there 

may be multiple routes to accomplishing a task. Likewise, for SLA, there may be 

multiple cognitive routes to proficiency. For the DP model, this means that learners with 

weak declarative memory may rely on procedural memory or other cognitive abilities for 

SLA, and that learners with strong declarative memory may continue relying on this 

system even at advanced proficiency.
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In this investigation, the first research question asked: Do tests of declarative 

memory predict low proficiency in L2 grammar following both explicit and implicit 

instruction? Based on the “strict” interpretation of the DP model, it was hypothesized that 

measures of declarative memory would predict all aspects of grammar at low proficiency, 

but only memorizable aspects of grammar at advanced proficiency. However, these 

hypotheses were further qualified to consider individual differences and instructional 

methodology. Thus, at low proficiency, measures of declarative memory were 

hypothesized to more strongly predict L2 performance following explicit, and not 

implicit, instruction. Furthermore, learners with stronger declarative memory abilities 

were predicted to rely on declarative memory even at advanced proficiency. 

There were four measures of declarative learning: Artificial Grammar High 

Frequency items d-prime scores (AGHF), a measure of chunking;  the CVLT total score, 

a measure of verbal learning; the CVMT, a measure of visual learning; and MLAT5 

Paired Associates, a measure of rote memorization of foreign language vocabulary. For 

both explicit and implicit learning conditions, at both low and advanced proficiency 

levels, this question was addressed through four different statistical methods: simple 

linear regression, multiple regression, quadratic regression, and analysis of declarative 

memory subgroups. Initial descriptive analyses indicated that for learners in the explicit 

condition, declarative and procedural memory task performance were positively 

correlated. This confound was controlled in the multiple regression analysis, which was 

conducted to follow-up on this issue after simple linear regression, and in quadratic 

regression.
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7.1.1 Explicit Condition and Declarative Memory

7.1.1.1 Agreement

In the explicit condition, measures of declarative memory predicted accuracy on 

Agreement subtests at both low and advanced proficiency. In simple linear regression 

analysis, the CVMT, a measure of visual learning, obtained significant regression 

coefficients at both levels of proficiency. At low proficiency, the CVLT was also 

marginally predictive. In multiple regression, where shared variance with WPT8 was 

covaried out, the CVMT remained a good predictor of agreement at low and advanced 

proficiency; however, it was a stronger predictor at low proficiency. Thus, not just in low, 

but in advanced proficiency, agreement structure depended on declarative memory in the 

explicit condition.

Learners were divided into successful and unsuccessful declarative learner groups 

(SDLs/UDLs) based on a median split of CVMT scores. Agreement subtest scores from 

low and advanced proficiency were regressed against CVMT scores using simple linear 

regression. Results from Chow tests indicated CVMT scores did not predict Agreement 

accuracy significantly better for either group. It was concluded that the linear multiple 

regression model, with WPT8 scores covaried, best described the relationship between 

declarative memory and Agreement accuracy. In sum, performance on the CVMT 

predicted level of success in learning Agreement structure at both low and advanced 

proficiency for all learners in the explicit condition. These findings were not predicted by 

the DP model, but in the current investigation, it was predicted that explicit training 

would promote reliance on declarative memory. 
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7.1.1.2 Phrase Structure

For phrase structure in the explicit condition, results indicate that measures of 

declarative memory predicted accuracy at both low and advanced proficiency. At low 

proficiency, in simple linear regression analysis, the alpha level for regression 

coefficients for the CVMT and MLAT5 were below 0.05. In addition, R2 for the CVLT 

was also marginally significant. At advanced proficiency, in simple linear regression, 

only the CVMT was predictive, and its alpha level was only marginal. In multiple 

regression, with WPT8 scores covaried out, the CVMT remained only a marginal 

predictor of Phrase Structure accuracy for advanced proficiency. As with Agreement 

accuracy, multiple regression indicated that CVMT scores were stronger predictors of 

Phrase Structure accuracy at low proficiency.

Quadratic regression, which controlled for WPT8 scores, indicated that there was 

a significant, negative curvilinear relationship between CVMT scores and Phrase 

Structure accuracy at advanced, but not low, proficiency. The quadratic relationship was 

associated with a stronger p value than the linear relationship; however, the reliability of 

the quadratic fit relative to the linear fit was questioned for three reasons. First, the 

number of participants differed between the two analyses. For quadratic regression, 

Cook’s distance statistics indicated the presence of a multivariate outlier, whose cases 

were eliminated. This same participant was not a multivariate outlier in the multiple 

regression analysis. Given a choice, the simpler model that does not require eliminating 

participants is preferred. Second, visual inspection of scatter plots supported the linear fit. 

Third, in the analysis of declarative memory subgroups (SDLs/UDLs), the CVMT was 

not a significantly better predictor of Phrase Structure for either group at either level of 



285

proficiency, which suggests that a linear fit may be better. Thus, the linear model was 

preferred. 

The pattern of results for Phrase Structure differed from those for Agreement at 

advanced proficiency, possibly because learners obtained significantly higher scores on 

Phrase Structure (M=0.89) than on Agreement (M=0.82) at this level (t(14)=-5.01; 

p=0.00). CVMT scores may have become less effective predictors as learners reached the 

highest levels of proficiency.  Ideally, based on the predictions for the current 

investigation, this weakening trend for declarative memory would be complimented by a 

strengthening in the capacity of procedural memory measures, but this was not the found 

in the analyses reported here (see below). In sum, results suggest that declarative memory 

abilities predicted low L2 proficiency and marginally predicted advanced L2 proficiency 

for phrase structure. Although a strict interpretation of the DP model would not claim that 

declarative memory would predict a rule-based grammar structure at advanced 

proficiency, in this investigation, it was hypothesized that explicit training would 

promote reliance on the declarative system. This prediction was supported. 

7.1.1.3 Verb Argument

Declarative memory predicted Verb Argument accuracy at both low and advanced 

proficiency. The CVMT was the only declarative memory measure to display significant 

regression coefficients in the simple linear regression analyses. In multiple regression, 

with WPT8 scores covaried, the CVMT remained a strong predictor. As with Agreement 

and Phrase Structure, the regression coefficient was larger, and the p values smaller, at 

low proficiency than at advanced proficiency. These results indicate that declarative 
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memory predicted Verb Argument accuracy at both low and advanced proficiency, as 

predicted. 

Quadratic regression indicated that CVMT scores could be fit to Verb Argument 

scores at advanced proficiency by a negative curvilinear relationship that was marginally 

significant. For The predictions for the linear model were preferred, because not only is it 

the more simple interpretation, which involved a larger group of participants, but also 

because the linear model displayed a larger p value. Moreover, the CVMT was not 

significantly more predictive for either declarative memory ability group (SPLs/UPLs). 

As with Phrase Structure, a linear model is preferred for Verb Argument. There do not 

appear to be reliable differences in the CVMT’s prognostic strength resulting from ability 

differences.

The pattern of prediction for Verb Argument accuracy paralleled that of 

Agreement accuracy but not Phrase Structure accuracy, in that CVMT scores 

significantly predicted accuracy at advanced proficiency. Verb Argument (M=0.84) mean 

scores at advanced proficiency were only slightly higher than those for Agreement. These 

scores were significantly different from those obtained for Phrase Structure (t(14)=-2.27; 

p=0.04) and marginally significantly different from those obtained for Agreement 

(t(14)=1.98; p=0.07). Here again, perhaps declarative memory remained predictive at the 

advanced level because learners had not obtained the highest level of proficiency. 

However, unlike the other two grammar structures, this pattern was expected based on 

this investigation’s predictions. 
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7.1.2 Implicit Condition and Declarative Memory

7.1.2.1 Agreement

In the implicit condition, measures of declarative memory weakly predicted 

Agreement accuracy at low but not advanced proficiency. At low proficiency, simple 

linear regression analysis indicated that MLAT5 significantly predicted Agreement 

accuracy, and AGHF and CVLT scores marginally predicted Agreement accuracy. 

CVMT scores were not predictive in simple linear regression or in multiple regression 

with WPT8 scores were entered as covariates. Moreover, a post-hoc multiple regression 

analysis indicated that covarying WPT8 scores also led to nonsignificant regression 

coefficients for MLAT5 and CVLT scores. However, covarying WPT8 scores did not 

affect ADHF scores’ predictiveness (R=0.56, p=0.06). These results suggest that learners 

relied on a chunking strategy for Agreement accuracy at low proficiency. 

The other analyses that addressed the first research question indicated that (a) 

quadratic regression was a poor fit for the data and that (b) CVMT scores were not 

significantly better predictors for learners grouped according to declarative memory 

abilities (SDLs/UDLs). 

Results suggest that at least one measure of declarative memory at least 

marginally  predicted Agreement accuracy at low, and not advanced, proficiency in the 

implicit condition. Findings were interesting because a measure of chunking in the 

context of implicit instruction were predictive. This finding supports the claims of the DP 

model, which posits that declarative memory underlies early L2 proficiency for grammar. 

In addition, findings suggest that implicit instruction does not promote reliance on the 

declarative system into advanced proficiency.  
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7.1.2.2 Phrase Structure

For Phrase Structure, measures of declarative memory were not reliably 

predictive. No declarative memory measures predicted Phrase Structure accuracy at low 

proficiency. Simple linear regression analysis indicated that AGHF scores marginally 

predicted and CVMT scores significantly predicted Phrase Structure scores at advanced 

proficiency. Post-hoc multiple regression analysis indicated that with WPT8 scores as 

covariates, AGHF scores no longer predicted accuracy. In multiple regression analysis 

reported in Chapter 5, the CVMT also no longer predicted accuracy once WPT8 scores 

entered as covariates. As with Agreement, (a) quadratic regression did not fit the data, 

and (b) CVMT scores were not significantly better predictors for learners grouped as 

successful/unsuccessful declarative learners (SDLs/UDLs). Thus, declarative memory did 

not predict Phrase Structure accuracy in the implicit condition, a finding which does not 

accord with DP model claims. Nevertheless, these findings suggest that implicit 

instruction fails to promote strong reliance on declarative memory for some aspects of 

rule-based grammar in L2. 

7.1.2.3 Verb Argument

Declarative memory predicted Verb Argument accuracy at both levels of 

proficiency in the implicit condition. At low and advanced proficiency, in simple linear 

regression, MLAT5 score were predictive. However, post-hoc multiple regression 

analysis with WPT8 scores as covariates made this effect disappear. Interestingly, post-

hoc multiple regression analyses indicated that with WPT8 scores as covariates, AGHF 

scores became marginally predictive for low proficiency (R=0.47, p=0.10). As with 
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Agreement, learners may have depended on a chunking strategy for Verb Argument 

accuracy at low proficiency.

The other analyses indicated that the CVMT did not predict Verb Argument 

accuracy in manner sensitive to learners’ ability levels. The multiple regression analysis 

reported in Chapter 5 indicated that CVMT scores did not become predictive at either 

level of proficiency, even with WPT8 scores factored out. In the subgroup analyses, 

CVMT scores predicted accuracy at low proficiency, and marginally predicted accuracy 

at advanced proficiency. However, Chow tests indicated that the regression values for 

SDLs were not significantly different from those of UDLs. Thus, findings indicate that 

the CVMT did not predict Verb Argument structure at either level of proficiency. 

However, post hoc analyses indicated that AGHF scores were marginally predictive of 

Verb Argument at low proficiency. This follows DP model claims.

7.1.3 Discussion

In the current investigation, characteristics of instruction and individual strengths 

and weaknesses in memory ability were posited to be important moderating variables. 

Results suggest that characteristics of instruction differentially engage declarative 

resources in L2, while stronger versus weaker declarative memory abilities do not predict 

different levels of reliance on declarative memory. In the explicit condition, measures of 

declarative memory predicted accuracy on all three structures at both low and advanced 

proficiency. Declarative memory thus remained important for SLA throughout learning 

in the explicit condition. Findings differed for the implicit condition, where measures of 

declarative memory only predicted Agreement and Verb Argument scores, and only at 
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low proficiency. This suggests that the level of declarative memory involvement may be 

mediated by learning condition, but not by ability strengths.

An interesting finding was that different aspects of declarative memory were 

predictive in the different instructional conditions. In the explicit condition, the CVMT, 

an index of visual memory was predictive of L2 learning. In this task, participants decide 

whether a “nonsense” line drawings has been presented before (“old”) or if it is new 

(“new”). One possibility is that the ability to remember images was crucial for learning 

Brocanto2 in the explicit condition, where learning was strongly tied to the ability to 

remember four distinct “nonsense” line drawings, their names, and the language to

describe how to manipulate them. The visual semantic aspects of Brocanto2 game token 

images and their physical similarities to CVMT images may be represented in this 

finding. That CVMT scores were not predictive of learning in the implicit condition 

suggests that some component of explicit training may have promoted reliance on visual 

semantic aspects of Brocanto2. In the implicit condition, AGHF items marginally 

predicted Agreement and Verb Argument. In learning the AG, as in learning Brocanto2 

in the implicit condition, learners were not given an explanation of the underlying 

syntactic rules. Instead, for the high-frequency items, it has been hypothesized that 

learners identify an item as grammatical through recognition of bigrams and trigrams of 

letters that were presented frequently throughout training. Importantly, AGs have no 

meaning, and thus, in performance on the AGHF, learners most likely do not use a 

strategy that taps semantic strategies. Thus, the finding that the AGHF predicts Brocanto2 

Agreement and Verb Argument suggests that learners did not rely on a semantic strategy 

so much as a chunking strategy. Implicit learners might have thus chunked co-occurring 
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words (e.g., noun + determiner; object + verb) in the early stages of learning. These 

findings for both the explicit and implicit conditions suggest that the nature of declarative 

memory that underlies L2 may be further specified in terms semantic properties or 

chunking strategies. Sub-processes of declarative memory are sensitive to learning 

conditions and characteristics of the stimuli. 

7.2 Procedural Memory and SLA

Procedural memory subserves implicit sequencing behaviors, such as integrating 

the complex movement routines used to drive a car. Learning in this system evolves 

through practice and exposure. In the DP model, this system is posited to subserve rule-

concatenated grammar (Friederici & Kotz, 2003; Ullman, 2004; Ullman et al., 1997).

Specifically, the DP model predicts that procedural memory subserves rule-based 

grammar structures at advanced proficiency only. Thus, a strict interpretation of the DP 

model hypothesis suggests that tests of procedural memory should strongly predict 

grammar in late, but not early, stages of SLA. 

A strict interpretation of the DP model does not take into account the nature of 

individual differences and external influence that affect procedural memory. Research 

suggests that individuals differ in procedural memory strength (Seger & Cincotta, 

2005b). When procedural memory is weakened, whether because of dysfunction or 

external influences, individuals may compensate for the loss by relying on declarative 

memory or other cognitive abilities. If procedural memory is strong or encouraged by 

external conditions, learners may rely on it instead of other cognitive systems (Cohen & 

Eichenbaum, 2001; Poldrack and Packard, 2003; Seger & Cincotta, 2005b). In a modified 

interpretation of DP model, this means that learners with weak procedural memory may 
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rely on declarative memory or other cognitive abilities throughout SLA, while learners 

with strong procedural memory will rely on this system for advanced SLA. Learning 

through implicit instruction may encourage reliance on procedural memory, while 

learning through explicit instruction may not (e.g., Cochran & McDonald, 1992; 

Cochran, McDonald, & Parault, 1999; Foerde et al., 2006; Hayes & Broadbent, 1988; 

Cohen, Ivry, & Keele, 1990). 

The first part of the second research question asked: Do tests of procedural 

memory predict advanced proficiency in L2 grammar following both explicit and implicit 

instruction?  Based on a strict interpretation of the DP model, it was hypothesized that 

measures of procedural memory would predict L2 proficiency at the advanced 

benchmark, and only for structures that had to be concatenated online. It as predicted that 

individual differences in procedural memory and differences in instruction would modify 

this prediction. Specifically, measures of procedural memory would be better predictors 

for learners with strong procedural memory, and that implicit instruction would promote 

reliance on procedural memory. There were two measures of procedural learning: 

Artificial Grammar Low Frequency items (AGLF; d-prime scores), a measure of rule 

application following limited exposure to input;  and WPT8, a measure of probabilistic 

learning that typically depends on procedural memory. As with the first research 

question, for both explicit and implicit learning conditions, at both low and advanced 

proficiency levels, the first part of this research question was addressed through four 

different statistical methods: simple linear regression, multiple regression, quadratic 

regression, analysis of procedural memory subgroups.
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The second part of the second research question asked: Can performance on the 

Weather Prediction Task predict neurocognitive processing of L2 grammar? Because the 

weather prediction task (WPT) has been well-studied in cognitive neuroscience research 

on procedural memory, a follow-up analysis of L2 neural processes was based on 

learners’ performance on this task. Learners were divided into two groups, successful and 

unsuccessful procedural learners (SPLs and UPLs) in each condition based on a median 

split of WPT8 scores. The two groups were predicted to display differential neural 

patterns in response to rule-based grammar stimuli based on the behavioral analyses 

reported below. Neural processes were indexed for agreement and phrase structure using 

event-related potentials (ERPs). 

7.2.1 Explicit Condition and Procedural Memory

7.2.1.1 Agreement

In the explicit condition, results generally indicated that agreement structure was 

not subserved by the procedural system. At first, it appeared that WPT8 scores predicted 

Agreement accuracy at both levels of proficiency using simple linear regression analysis 

(and AGLF scores did not). However, in the subsequent multiple regression analysis 

which covaried WPT8 and CVMT scores, these findings disappeared. This indicates that 

once procedural memory was isolated from concurrent declarative processes that 

contributed to WPT8 scores in the explicit group, the “pure” measure of procedural 

memory did not predict Agreement accuracy. In subsequent analyses—quadratic 

regression and multiple regression for procedural memory ability subgroups 

(SPLs/UPLs)—no measure of procedural memory predicted Agreement accuracy at 

either level of proficiency. ERP results for successful and unsuccessful procedural 
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learners (SPLs/UPLs) indicate learners did not display anterior negativities at either level 

of proficiency, further underscoring that learners did not develop a procedural 

representation of agreement structure in the explicit condition.  

 7.2.1.2 Phrase Structure

For Phrase Structure, no procedural memory measures predicted accuracy at 

either level of proficiency. As with Agreement accuracy, initial simple linear regression 

analyses indicated that WPT8 scores predicted both low and advanced proficiency. 

However, in follow-up multiple regression analysis where CVMT scores were entered as 

covariates, WPT8 scores were no longer predictive. Subsequent quadratric analysis and 

ability group analyses yielded no significant regression coefficients. In addition, ERP 

data suggest that neither SPLs nor UPLs displayed early anterior negativities. Thus, 

findings suggest explicit learners did not rely on procedural memory for Brocanto2 

phrase structure at either level of proficiency, contra the claims of the DP model. Explicit 

instruction did not facilitate proceduralization of phrase structure.

7.2.1.3 Verb Argument

For Verb Argument, no procedural memory measures predicted accuracy at either 

level of proficiency. In initial simple linear regression analyses neither AGLF items or 

WPT8 scores predicted low or advanced proficiency. Follow-up multiple regression 

analysis where CVMT scores were entered as covariates did not alter these findings. 

Subsequent quadratric analysis and ability group analyses yielded no significant 

regression coefficients. These results suggest that for explicit learners, WPT8 scores did 

not predict Verb Argument accuracy. These findings follow DP model claims, in that 
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procedural memory was not expected to predict verb argument structure, which is not 

rule-concatenated n Brocanto2. 

7.2.2 Implicit Condition and Procedural Memory

7.2.2.1 Agreement

In the implicit condition, procedural memory was predictive. Initial linear 

approaches did not yield significant relationships between procedural memory measures 

and Agreement accuracy. However, quadratic regression indicated that a positive, 

curvilinear model fit the data. The bend in the line suggests an inverse relationship 

between WPT8 scores and Agreement accuracy before the median (0.67) and a positive 

relationship after the median. This pattern of results suggests that (a) learners with the 

lowest scores on WPT8 compensated for weak procedural memory abilities by relying on 

other cognitive abilities for agreement structure, (b) learners with scores near the median 

were unable to compensate as effectively as those with weaker procedural memory 

abilities, and (c) learners with strong procedural memory profited from their strong 

abilities.

Subsequent multiple regression analysis comparing procedural memory ability 

subgroups (SPLs/UPLs) indicated that for SPLs, increases in WPT8 scores were 

associated with increases in Agreement accuracy. Chow tests, which examined 

differences in regression equations for SPLs and UPLs, indicated that group differences 

were significant. ERP results for SPLs and UPLs reflect behavioral results at a general 

level. These indicate that at advanced proficiency, procedural memory may have 

underlay the processing of phrase structure for SPLs. The learners with higher WPT8 

scores displayed a bilateral early anterior negativity. In contrast, UPLs did not display a 



296

clear anterior negativity, although there was a weak left anterior negativity in lateral 

electrodes. Although intriguing, between-groups differences were not significant for this 

effect. In short, at advanced proficiency, both behavioral and ERP data suggest that 

implicit SPLs relied on procedural memory for agreement structure. 

 7.2.2.2 Phrase Structure

For Phrase Structure, procedural memory predicted accuracy at advanced 

proficiency only, and only for SPLs. As with Agreement accuracy, initial linear analyses 

indicated that WPT8 scores did not predict either low or advanced proficiency. Quadratic 

analysis yielded no significant regression coefficients, a result that only appeared once 

the CVMT covariate was entered. This suggests that in the implicit condition, learners 

relied on declarative memory to some extent for Phrase Structure accuracy even though 

this relationship was not significant in any analysis reported above. Multiple regression 

analysis for ability groups indicated that WPT8 scores predicted Phrase Structure 

accuracy at advanced proficiency for SPLs but not UPLs. 

ERP results for SPLs and UPLs diverge from behavioral results at a general level. 

These indicate that learners in both groups displayed anterior negativities at advanced 

proficiency. However, at a more specific level, the effect displayed by SPLs was 

bilateral, while that displayed by UPLs was left-lateralized. These between-groups 

differences were significant, suggesting that groupings of learners based on WPT8 may 

index a neurocognitive processing difference that results in differential scalp 

distributions. This differences will be addressed below. 

To summarize, procedural memory predicted Phrase Structure accuracy at 

advanced, but not low, proficiency, as is posited by the DP model. Implicit instruction 



297

promoted reliance on the procedural system. Behavioral data indicate that only learners 

with stronger procedural memory relied on this system, while ERP data indicate that all 

implicit learners may have proceduralized phrase structure grammar. Nevertheless, ERP 

results also indicate that learners with higher WPT8 scores displayed bilateral effects, as 

opposed to the left-lateralized effects of learners with lower WPT8 scores.  

7.2.2.3 Verb Argument

For verb Argument, procedural memory measures did not predict accuracy at 

either level of proficiency. In initial simple linear regression analyses neither AGLF 

items or WPT8 scores predicted Verb Argument accuracy. Follow-up multiple regression 

analysis where CVMT scores were entered as covariates did not alter these findings. 

Subsequent quadratic analysis and ability group analyses did not reveal significant 

relationships. Findings indicate suggest that for implicit learners, WPT8 scores did not 

predict Verb Argument accuracy. These findings follow DP model claims, in that 

procedural memory was not expected to predict verb argument structure, which is not 

rule-concatenated n Brocanto2. 

7.2.3 Discussion

The analyses of procedural memory measures partially supported the predictions 

of the DP model, although they indicated that reliance on procedural memory was 

sensitive to instructional methodology and learner ability differences. In the explicit 

condition, procedural memory measures did not predict L2 proficiency after CVMT 

covariance was controlled. Thus, only in the implicit condition were DP model claims 

supported: procedural memory predicted only advanced, and not low, proficiency, and it 

predicted the two rule-based structures, but not the memorizable structure. These claims 



298

were further qualified, however. Only data from SPLs, and not UPLs, yielded these 

findings. Therefore, the DP model claims related to procedural memory in L2 were 

upheld by behavioral data, but as a function of instructional condition and procedural 

memory strength. 

Findings from ERP analyses were almost entirely consistent with behavioral 

findings. ERP analyses of the two rule-based structures focused on the presence or 

absence of early anterior negativities associated with automatic grammar parsing. Like 

behavioral analyses, these components were only found at advanced proficiency, and 

only found in the implicit condition. For Agreement, only SPLs displayed an anterior 

negativity. For Phrase Structure, both SPLs and UPLs displayed an anterior negativity, 

although these were significantly, qualitatively different. So, in all but one case, ERP 

patterns reflected those that were predicted based on behavioral data. 

Interestingly, for phrase structure, SPLs displayed a bilateral anterior negativity

in ERP data, as opposed to the left-lateralized negativity in lateral/frontal regions 

displayed by UPLs. The effects displayed by SPLs for Agreement structure were also 

bilateral. fMRI research indicates that bilateral frontal cortices and right hemisphere basal 

ganglia are involved in probabilistic classification learning on the multi-cue Weather 

Prediction Task (Poldrack et al., 1999), while other research on a single cue version of 

the task implicates bilateral basal ganglia substrates (Seger & Cincotta, 2005a). Also, 

prior research on this task that looked at SPLs and UPLs indicates that SPLs display 

stronger activation in bilateral procedural memory substrates than UPLs do (Seger & 

Cincotta, 2005a). In terms of the current study, although it is not possible to identify the 

neural correlates underlying the ERP patterns, the findings from fMRI research may point 



299

towards an explanation for the bilateral anterior negativity displayed by SPLs and not 

UPLs. Meanwhile, the left anterior negativity displayed by UPLs remains unidentified in 

this investigation. These findings suggest that WPT8 performance may predict a specific 

bilateral ERP component seen in L2 that is linked to procedural memory strength. The 

overall pattern of findings are the first to tie procedural memory to (a) grammar and (b) 

EPR components in such a specific manner. 

It is noted that the ANCOVA analyses failed to support many of the trends 

observed in voltage maps. A number of reasons for this are suggested: (a) the voltage 

maps included electrodes that were not included in the statistical analysis; (b) time 

windows may have been imprecise in some cases, such that trends were obscured; (c) the 

statistical analysis had little power due to the small number of participants; and (d) 

interestingly, the use of the CVMT as a covariate may have significantly altered the 

results, suggesting that declarative memory is important for anterior negativities in ways 

that have yet to be explored. Follow-up analyses are warranted to better understand these 

findings.

7.3 Working Memory Capacity and Reliance on Declarative and Procedural Memory

This investigation examined whether individuals with less versus more working 

memory capacity rely on different memory systems for the acquisition of L2 grammar. 

Research from the field of cognitive neuroscience suggests that reduced working memory 

capacity promotes learning by the procedural memory system while simultaneously 

mitigating learning in declarative memory. Reduced working memory capacity promotes 

a slower rate of learning, more accurate extraction of complex rule-based regularities 

from input, and lack of conscious awareness of rules—characteristics that are associated 
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with procedural memory-based learning. In contrast, larger working memory capacity is 

associated with more rapid acquisition, less-accurate rule extraction from input, and 

conscious awareness of rules—characteristics associated with declarative memory-based 

learning (Cochran & McDonald, 1992; Cochran, McDonald, & Parault, 1999; 

Eichenbaum & Cohen, 2001; Foerde et al., 2006; Hayes & Broadbent, 1988; Cohen, Ivry, 

& Keele, 1990). Thus, working memory capacity may serve as a gatekeeper that 

determines how L2 grammar is represented. 

The third and fourth research questions investigated these issues. The third 

research question asked: Do learners with less working memory capacity rely on 

procedural memory more for L2 than learners with more working memory capacity? It 

was hypothesized that learners with less working memory capacity would show greater 

reliance on procedural memory. The fourth research question asked: Do learners with 

more working memory rely on declarative memory more for L2 than learners with less 

working memory capacity? It was hypothesized that learners with more working memory 

capacity would show greater reliance on declarative memory.

Working memory was assessed with tasks that tapped complex attention and 

short-term memory. Scores from the three verbal fluency tasks were averaged together to 

create an attention composite score (Animals, FAS, Things You Use in the Kitchen). 

Scores from two correlated short-term memory tasks were averaged together to create the 

short-term memory composite score (Nonword Repetition task, Sentence Repetition 

task). Learners were divided into less and more groups based on a median split. GJT 

subtest scores were regressed against WPT8 scores within groups. 
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7.3.1 More versus Less Attentional Capacity and Declarative Memory

The interaction of attentional capacity and declarative memory was mediated by 

learning conditions. In the explicit condition, more attentional capacity did not predict 

stronger reliance on declarative memory as predicted. In fact, less attentional capacity 

did.  In the implicit condition, however, declarative memory predicted proficiency for 

learners with more attentional capacity only.  CVMT scores predicted Agreement 

accuracy at low proficiency and Phrase Structure accuracy at advanced proficiency. 

Findings from the implicit, but not the explicit, condition accord with predictions. 

7.3.2 More versus Less Short-Term Memory Capacity and Declarative Memory

As with attentional capacity, the interaction of short-term memory and declarative 

memory was mediated by learning conditions. In the explicit condition, CVMT scores 

were far more likely to predict proficiency for learners with less short-term memory than 

learners with more short-term memory, a trend that was replicated in the post-hoc 

analysis. Thus, in the explicit condition, learners with less short-term memory capacity 

appear to rely on declarative memory slightly more than learners with stronger short-term 

memory capacity. In the implicit condition, neither more nor less short-term memory 

predicted that learners would rely on declarative memory more. In sum, findings from the 

explicit condition contradict the hypothesis that learners with more working memory will 

rely on declarative memory more than learners with less working memory, while findings 

from the implicit condition indicate there was little difference in reliance on declarative 

memory by short-term memory capacity groups. 
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7.3.3 More versus Less Attentional Capacity and Procedural Memory

Learners with less attentional capacity relied on procedural memory slightly more 

than learners with more attentional capacity, as was predicted. In the explicit condition at 

both low and advanced proficiency, in the initial simple linear regression analysis, WPT8 

scores predicted agreement and phrase structure accuracy for learners with less

attentional capacity (n=6). In the implicit condition, WPT8 scores marginally inversely

predicted phrase structure accuracy at low proficiency for the less attentional capacity 

group (n=7). The pattern of results indicates that for learners with less attentional 

capacity, higher WPT8 scores predicted lower accuracy. At advanced proficiency, WPT8 

scores were not predictive for either subgroup. In sum, learners with less attentional 

capacity relied on procedural memory more than learners with stronger attentional 

capacity, but this finding was limited to agreement structure at low proficiency in the 

explicit condition, and to phrase structure at low proficiency in the implicit condition. 

7.3.4 More versus Less Short-Term Memory and Procedural Memory

The predictiveness of WPT8 scores for different short-term memory capacity 

groups was mediated by learning condition. In the explicit condition, for the more group, 

WPT8 scores predicted or marginally predicted agreement and phrase structure at both

levels of proficiency. In the implicit condition, following post-hoc analyses, regression 

values for the less short-term memory capacity group (n=5) were significant and positive 

for agreement and marginally significant and negative for phrase structure at low 

proficiency. To summarize, results from the explicit condition fail to support the 

hypothesis that learners with less short term memory rely on procedural memory, but 

results from the implicit condition did support this hypothesis. However, in both 
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conditions, WPT8 scores predicted accuracy at low proficiency, a finding that does not 

accord with the predictions of the DP model. 

7.3.5 Discussion

Results indicate that opposite trends obtained in the two learning conditions. For 

the hypothesis that more working memory may promote stronger reliance on declarative 

memory,  only data from the implicit condition were supportive, while data from the 

explicit condition were not. In the implicit condition, learners with more attentional 

capacity relied on declarative memory for L2 at low proficiency more than learners with 

less attentional capacity. There were no significant regression values for short-term 

memory ability group. Thus, in the implicit condition only, learners displayed the pattern 

of results that were predicted. Explicit instruction, however, was associated with reliance 

on declarative memory for learners with less working memory.

For the hypothesis that less working memory may promote stronger reliance on 

procedural memory, again, data from the implicit condition offered partial support while 

data from the explicit condition did not. In the implicit condition, learners with less

attentional capacity and less short-term memory relied on or attempted to rely on 

procedural memory more than learners with stronger working memory capacity. Explicit 

instruction, in contrast, promoted reliance on procedural memory for learners with more

working memory. Thus, taken together, results from this analysis of working memory 

groups indicate that hypotheses were partially supported by data from the implicit 

condition, while opposing results were found in data from the explicit condition. 

This analysis requires follow-up for several reasons. First, the use of composite 

attention scores, intended to simplify data, possibly obscured authentic patterns. Each 
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verbal fluency task is unique: the Animals and Kitchen things tasks are associated more 

strongly with declarative memory, while the FAS task is associated more strongly with 

phonological aspects of language (Chapter 4). Second, the short-term memory composite 

score may have been compromised by the lack of sensitivity of the Sentence Repetition 

task. In this task, learners are awarded with a point only if they repeat the entire sentence 

correctly. Any error, despite the type or the frequency, is scored as zero. This 

dichotomous scoring technique may be insensitive to aspects of learner differences that 

may be important for statistical discrimination. Third, the analysis was not well 

controlled. The shared covariance between CVMT and WPT8 performance may have 

affected results. In addition, data were not controlled for group size or multivariate 

outliers. In conducting the extensive analyses to address the first two research questions, 

it became apparent that these extra steps were necessary to bolster the quality of each

analysis within the larger study. Despite these limitations, the analysis was included in 

the dissertation because it was a first step towards addressing the hypotheses, which 

represent an iuncommon approach to investigating working memory in SLA. That said, 

these hypotheses would benefit from a more sensitive and controlled analytic approach 

and/or additional research that includes a larger number of participants.

7.4 MLAT, CVMT, WPT, and Predicting L2 Proficiency

The Modern Language Aptitude Test (MLAT) predicts proficiency gains for low 

and intermediate, but not high, levels of language learning, especially in certain 

instructed learning contexts. To broaden the capacity to understand and predict language 

aptitude across the span of learning in different contexts, recent research has investigated 

the contribution of other cognitive abilities to L2 proficiency. In this tradition, based on 
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the claims of the DP model, the current investigation explored whether tests of 

declarative and procedural memory improved prediction of successful L2 learning. 

The fifth research question was: Can measures of declarative memory augment 

L2 aptitude prediction (e.g., the MLAT)? It was hypothesized that measures of declarative 

memory would improve L2 prediction at low proficiency.  Moreover, it was hypothesized 

that the predictive capacity of declarative memory will be stronger where learning 

followed explicit instruction.

The sixth research question was: Can measures of procedural memory augment 

L2 aptitude prediction (e.g., the MLAT)? It was hypothesized that measures of procedural 

memory would improve L2 prediction at advanced proficiency. In addition, it was 

hypothesized that the predictive capacity of procedural memory would be stronger where 

learning followed implicit instruction.

These research questions were addressed with hierarchical linear regression. The

six GJT subtests. were regressed against MLAT, CVMT d-prime, and WPT8 scores in 

three blocks. In block 1, MLAT scores were entered. In block two, CVMT scores were 

added to the model. In block 3, WPT8 scores were added to the model. After each 

addition, the change in the significance of the model is evaluated, to ascertain if the new 

measure improves L2 prediction. 

7.4.1 Explicit Condition

In the explicit condition, the addition of the CVMT led to significant changes in 

R2 at both low and advanced proficiency. At low proficiency, the addition of the CVMT 

improved the model fit for all three structures. At advanced proficiency, the addition of 

CVMT scores better predicted Agreement and Verb Argument accuracy than MLAT
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scores alone (which were not significantly predictive). These findings support the 

hypothesis that adding a measure of declarative memory will augment the ability to 

predict L2 success at low proficiency, but also indicate that declarative memory improves

the prediction of advanced proficiency as well. 

In only one analysis did the addition of WPT8 scores in block 3 improve model 

fit, and this was not at advanced proficiency. For Verb Argument at low proficiency, 

WPT8 scores strengthened the model, but the relationship between procedural memory 

and learning was negative. These findings do not support the hypothesis that measures of 

procedural memory might augment the ability to predict advanced proficiency in rule-

based L2 grammar. 

7.4.2 Implicit Condition

For the implicit condition, the set of tests entered into hierarchical linear 

regression were generally poor predictors of proficiency. At low proficiency, the addition 

of the CVMT led to a marginally significant change in R2 for agreement. At advanced

proficiency, the addition of the CVMT marginally improved the ability to predict Phrase 

Structure accuracy. The addition of the WPT8 failed to improve the ability to predict 

advanced L2 grammar in the implicit condition, but did improve model fit for phrase 

structure at low proficiency—however, as observed n the explicit condition, its 

contribution was negative. Therefore, results from the implicit condition suggest that the 

addition of a measure of declarative memory weakly improved prediction of Agreement 

accuracy at low proficiency and Phrase Structure accuracy at advanced proficiency, but 

that a measure of procedural memory did not improve the ability to predict advanced L2 

grammar. 
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7.4.3 Discussion

Taken together, results indicate that adding an index of declarative memory 

abilities augmented MLAT-based aptitude prediction at low proficiency (and advanced 

proficiency, see above), but only for learners in the explicit condition. This supports the 

hypothesis that declarative memory measures may augment MLAT-based aptitude 

prediction, especially for learners receiving explicit instruction. Results further suggest 

that adding an index of procedural memory abilities did not augment MLAT-based 

aptitude prediction of L2 grammar at advanced proficiency for learners in either 

condition (except as a marginally significant negative predictor at low proficiency, see 

above). These findings fail to support the hypothesis that procedural memory measures 

may augment MLAT-based aptitude prediction.

7.5 The Weather Prediction Task

WPT8 performance differentially relied on declarative memory within the two 

conditions. in the explicit condition, where scores depended on an interaction of 

declarative and procedural memory. This pattern of effects is not without precedent. 

fMRI research involving the WPT has revealed initial hippocampal involvement, an 

indication that declarative memory is involved (Poldrack & Packard, 2003). Behavioral 

research also suggests that initial declarative involvement may be important for 

successful learning (Hopkins et al., 2004; Knowlton, Squire, & Gluck, 1994). At some 

level, then, learners rely on declarative memory for WPT performance. Because learners 

in the implicit condition displayed a negative correlation between declarative memory 

and WPT8 scores, however, it indicates that the level of declarative memory involvement 

may be low for some nonimpaired participants. Findings in the current investigation 
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suggest that in WPT performance, the level of declarative memory involvement can 

range considerably among nonimpaired learners. 

The findings that WPT8 scores and CVMT scores were correlated prompted a 

series of analyses that included the two measures as covariates. This begs the question, 

did covarying the commonality between the two tasks improve the analyses, or did it 

distort reality (Little, Cunningham, Shahar, & Widaman, 2002)?  From an empirical 

perspective, eliminating the common variance afforded a purer measure of the target 

construct, which helped test the theoretically-motivated hypotheses of this investigation. 

This turned out to be a meaningful and important statistical approach, because behavioral 

data aligned with ERP neuroimaging patterns. From a practical standpoint, as mentioned 

elsewhere, the WPT would not be readily scored as a prognostic measure. An additional 

measure of declarative memory should accompany its administration, and be used as a 

covariate where procedural memory abilities need to be examined in isolation. 

7.6 The Predictions of Other Models

The DP model’s predictions diverge from other predictions that establish a critical 

role for declarative and/or procedural memory-based processes (DeKeyser, 2007; Ellis, 

2005, 2008; MacWhinney, 2005, 2008; Paradis, 2002). One view posits that processes 

subserved by the declarative system underlie both lexicon and grammar at all levels of 

proficiency (Ellis, 2005, 2008; MacWhinney, 2005, 2008). Another view posits initial 

dependence on the declarative system for both lexicon and grammar, with more advanced

proficiency for all aspects of language being subserved by the procedural memory system 

(DeKeyser, 2007; Paradis, 2002). Thus, there are alternative explanations that were 

considered in testing the DP model’s claims. 
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Findings from this investigation highlight the impact of different instructional 

methods and individual differences in drawing conclusions about theoretical claims 

pertaining to SLA. If results had been based solely on findings from the explicit 

condition, then claims that L2 was entirely dependent on declarative memory would be 

supported at low and advanced proficiency, and there would be no evidence that 

procedural memory was possibly involved. However, results from the implicit condition 

indicated otherwise. In addition, if results were based only on findings from group data,

again there would have been little evidence that procedural memory was involved in 

language. However, analyses of sub-groups of learners based on ability levels indicated 

that grammatical aspects of L2, and not lexical aspects, were proceduralized at advanced 

proficiency. The differing findings from the two learning conditions and among ability 

groups suggest that hypotheses are differentially supported by the data, depending on 

moderating factors. 

it is noted that the data could not support certain claims made by different models. 

First, it did not support the claim that initial declarativization leads to proceduralization in 

all cases—this did not happen in the explicit condition (DeKeyser, 2007). Second, the 

data could not support the claim that all aspects of language may be proceduralized with 

sufficient practice/exposure (DeKeyser, 2007; Paradis, 2002), as the verb argument 

structure did not appear to rely on procedural memory in these data. Third, the data could 

not support the claim that advanced L2 is associated with proceduralization of aspects of 

grammar regardless of learning context/ learner differences (Ullman , 2004). Fourth, the

ERP data could not rule out the possibility that learners relied on some sort of non-
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procedural neural processes for morphosyntax , such as innate mechanisms, at advanced 

proficiency in implicit UPLs. Clearly there remains a need for  future research. 

7.7 Implicit Instruction: Intelligence May Not Matter

Behavioral data on aptitude and intelligence were reported even though they were 

not central to the hypotheses explored in the current investigation. Predictive capacity

varied for the two conditions, with aptitude and intelligence being much stronger 

predictors of proficiency in the explicit condition than the implicit condition. Explicit 

condition. The success of aptitude measures in the explicit condition is expected given 

that much prior research on language learning in explicit instructional contexts implicates 

a strong role for L2 aptitude (see Chapter 4). In the limited context of learning Brocanto2, 

MLAT total scores predicted both low and advanced proficiency, an interesting finding 

given that MLAT scores have not generally been regarded as good predictors of 

advanced proficiency. Implicit condition. That aptitude measures were not as predictive 

in the implicit condition suggests that learning through implicit instruction depends on a

set of abilities other than aptitude and intelligence. The results are possibly more 

interesting in that learners in the implicit condition, on average, had higher MLAT total 

scores than their explicit peers, and yet this did not translate into an advantage for them.

Intelligence also predicted proficiency in the explicit condition, but either not at 

all or negatively in the implicit condition. The lack of a relationships, or negative 

relationships, between intelligence measures and language learning in the implicit 

condition suggests that intelligence is not helpful in implicit language instruction.

Negative relationships between intelligence and L2 proficiency in implicit learning of a 
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miniature language were also reported by Robinson (2002b). Thus, the gift of higher 

intelligence is not necessarily an asset for language learning in all contexts.

7.8 Limitations and Considerations for Future Research

No investigation can control for all limitations and this one was no exception. 

First, the overarching limitation in the current study was the small sample size. Small 

samples compromise statistical reliability and the interpretation and generalization of 

findings. Second, limitations of the artificial language discourage strong generalizations 

of findings to real language learning. For example, Brocanto2 did not include complex 

syntax, such as long distance dependencies, which would further illuminate the strengths 

and limitations of DP model claims and the additional claims examined in this 

investigation. In addition, Brocanto2 did not include prosody and rhythm, important 

aspects of language that learners must master. Third, the battery of tests administered 

ideally would have included additional measures of certain cognitive abilities. At least 

one additional measure of procedural memory would be desired, such as the serial 

reaction time task, which indexes complex sequencing abilities. Also, a working memory 

task that involved complex mental operations, such as a reading span or listening span 

task, would have been a valuable addition, in order to compare finings from the current 

studies to findings from research involving those well-studied measures. Fourth, 

additional controls, such as an index of anxiety (e.g., questionnaires, galvanized skin 

response) might have been included to control for affective states during completion of 

the cognitive ability assessments and while learning Brocanto2. For instance, the dual 

task aspect of the Weather Prediction Task was frustrating for some participants. Others 

became discouraged by intelligence and aptitude tests. It is not clear how anxiety may 
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have affected results, but it was present and should be considered in future research. 

Fifth, some of the data for dependent measures were non-normally distributed. This may 

have arisen from the methodology used in this investigation, where learners were only 

tested once they had reached proficiency benchmarks, leading to distributions that were 

inadequately distributed or somewhat skewed or kurtosed. In addition to the small 

number of participants, data distributional qualities were a statistical challenge that could 

not be overcome. Sixth, extending WPT8 to predict learning in real-life situations does 

not appear readily feasible. The need to control for declarative memory abilities and the 

mixture of negative and positive regression coefficients would require interpretation by a 

trained tester or an automatic scoring program administered by computer. Finally, 

learners were randomly assigned to conditions, leading to differences in ability profiles. 

In future research, learners’ ability profiles could be matched to explore aptitude-

treatment-interactions. The preceding list of limitations mostly  reflect tradeoffs made to 

control the amount of time spent on data collection. It is hoped that despite its limitations, 

the study has contributed something of value to the larger body of research on SLA. 

7.8 Conclusion

The current investigation began with a parsimonious theory, the DP model, and 

moved towards adding layers of complexity to it. The DP model claims that initially, all 

aspects of L2 grammar depend on declarative memory. With practice and exposure, 

however, rule-based grammar may become dependent on procedural memory. In this 

investigation, the moderating effects of  several variables were explored: explicit and 

implicit conditions and individual strengths and weaknesses in declarative, procedural, 

and working memory. This small-scale study showed that learners relied on different 
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types of declarative memory processes at low proficiency. In the explicit condition, visual 

memory predicted accuracy on dependent measures, while in the implicit condition, a 

post-hoc analysis suggested that chunking abilities marginally predicted accuracy on two 

of the dependent measures. At advanced proficiency, learners in the explicit condition 

continued to rely on visual declarative memory, while a subset of learners in the implicit 

condition—those with strong procedural memory abilities—shifted reliance to the 

procedural system. ERP analysis indicated that the neurocognitive representation of L2 

grammar was predicted by the WPT8’s relationship to GJT scores in behavioral data. 

This finding was the first to link performance on a procedural memory task to L2 

grammar proficiency and to ERP anterior negativities. Working memory abilities may 

have influenced learner reliance on declarative memory, although the pattern that 

emerged only partially supported predictions. Finally, hierarchical regression analysis 

indicated that the addition of the CVMT to MLAT scores improved prediction of L2 

accuracy at both low and advanced proficiency in the explicit condition; otherwise, 

measures of declarative and procedural memory did not augment the predictive capacity 

of the MLAT. In conclusion, the findings presented here delimit aspects of the claims of 

the DP model, while providing findings that may be relevant for theory, methodology, 

and practice in the fields of SLA and cognitive neuroscience.
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APPENDIX A

Table 68.  List of Training Items Used in the Artificial Grammar Task.
Order of presentation Item
1 VT
2 XXVXJJ
3 XVXJJ
4 VJTVX
5 VJ
6 XVT
7 VJTXVJ
8 XVXJJJ
9 VJTVXJ
10 XXXXVX
11 XXXVT
12 VJTVJ
13 XVX
14 XVXJ
15 XXXVTV
16 XVJTVJ
17 XXVT
18 VJTVTV
19 VXJJJJ
20 XXVJ
21 XXVXJ
22 XXXVX
23 VXJJ
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Table 69. List of Transfer Task Items Used in the Artificial Grammar Task. 
Grammaticality Chunk Bin Order of 

presentation
Item Chunk Strength

26 vjtxvx 6.8
28 xvtv 6.8
2 xvjtvx 7.4
1 xxvtvj 7.6
9 xxvtv 7.9
32 vxj 9.3
17 xxvxj 10.3

High

12 vx 12.0
24 vtv 5.0
22 vtvjj 5.1
16 vtvjjj 5.2
19 vtvj 5.6
25 vjtvt 6.0
11 xvttvjj 6.1
6 xvtvj 6.7

Grammatical

Low

30 xvjtvt 6.7
20 xvxt 7.0
23 vjtv 7.0
29 xjj 7.0
4 xxvjjj 7.7
10 vxvj 8.2
13 xvxvj 9.1
31 xvxv 10.0

High

15 xxv 12.0
5 xxtx 2.8

14 vxjtj 4.9
27 vjjxvt 4.9
21 jxvt 5.0
18 vxjjx 5.9
8 xxvvjj 6.1
3 tvj 6.7

Nongrammatical

Low

7 xxjj 6.8
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APPENDIX B

Table 70. Probabilities for Patterns of Cue Cards Used in the Weather Prediction Task.
Pattern Cue 1 Cue 2 Cue 3 Cue 4 P

sunshine
Response 
Coded as 
Correct

1 0 0 1 1 0.889 sunshine
2 0 0 0 1 0.857 sunshine
3 0 1 0 1 0.833 sunshine
4 0 1 1 1 0.750 sunshine
5 1 0 1 1 0.667 sunshine
6 0 0 1 0 0.625 sunshine
7 0 1 1 0 0.500 none
8 1 0 0 1 0.500 none
9 0 1 0 0 0.375 rain

10 1 1 0 1 0.333 rain
11 1 1 1 0 0.250 rain
12 1 0 1 0 0.167 rain
13 1 0 0 0 0.143 rain
14 1 1 0 0 0.111 rain

Cues corresponded with an image. For any pattern, a zero indicates the cue was not 
present, while a one indicates that it was. 
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APPENDIX C

The 16 nonwords presented to participants during the nonwords repetition task were 
sequenced as follows:
1 naIb
2 vop
3 taUdZ
4 dOIf
5 te.vAk
6 tSo.v{g
7 v{.tSaIp
8 nOI.taUf
9 tSi.nOI.taUb
10 naI.tSo.veb
11 dOI.taU.v{b
12 te.vOI.tSaIg
13 ve.tA.tSaI.dOIp
14 d{.vo.nOI.tSig
15 naI.tSOI.taU.vub
16 t{.vA.tSi.naIg

Responses were coded the Speech Assessment Methods Phonetic Alphabet (SAMPA), a 
computer-readable code based on the International Phonetic Alphabet (IPA) that does not 
require downloading IPA font.  The SAMPA symbols are summarized below.

SAMPA symbols
/A/=POT, /{/=PAT, /aI/=RISE, /aU/=ROUSE, /b/=BIN, /d/=DIN, /D/=THIS, /dZ/=GIN, 
/E/=PET, /e/=RAISE, /f/=FINE, /g/=GIVE, /h/=HIT, /I/=PIT, /i/=EASE, /j/=YACHT, 
/k/=KIN, /l/=LONG, /m/=MOCK, /n/=KNOCK, /N/=THING, /o/=NOSE, /O/=CAUSE, 
/OI/=NOISE, /p/=PIN, /r/=WRONG, /s/=SIN, /S/=SHIN,  /t/=TIN, /T/=THIN, 
/tS/=CHIN, /u/=LOSE, /U/=PUT, /v/=VINE, /V/=CUT, /w/=WASP, /z/=ZAP, 
/Z/=MEASURE, /@/=SOFA, /@`/=CORNER
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APPENDIX D

This appendix provides an overview and analysis of Brocanto2 practice data. This 

analysis was undertaken to learn more about the rate of acquisition for learners with 

different ability levels. 

Overview of Practice and Data Collection

During learning, participant practice was monitored for each of 36-44 blocks of 

production and comprehension practice on the following target forms: knowledge of 

phrase structure (i.e., knowledge of correct placement of adjectives, nouns, verbs,

adverbs, and articles in a sentence), agreement (i.e., gender for adjectives and 

determiners), and verb argument structure (transitive and intransitive patterns; see 

description of Brocanto2 and instruction, below, for more information). There were 18-22 

total comprehension blocks and18-22 total production blocks for each participant. The 

low proficiency benchmark was operationalized as 45% accuracy on two consecutive 

comprehension blocks, while the advanced proficiency benchmark was operationalized as 

95% accuracy on two consecutive comprehension blocks and completion of at least 36 

total practice blocks. Learners who had not reached 95% accuracy by 36 practice blocks 

continued practice until they did so or until they completed the maximum number of 44 

training blocks. All learners who completed the study completed all 44 blocks. Accuracy 

scores across training blocks and the number of blocks completed before reaching 45% 

and 95% accuracy were recorded for use as dependent variables. Only comprehension 

practice block data will be used in the current investigation. In addition, only noun-

determiner agreement will be considered at this time. Reaction time data were log 

transformed and coefficients of variation were calculated (e.g., Segalowitz & Freed, 
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2004). CV scores were derived by dividing individual standard deviation for reaction 

time (RT) by mean RT for each practice block. These scores provide a measure of each 

individual’s response consistency. Consistency has been interpreted as a measure of 

response efficiency that is linked to learning to the point where responses are somewhat 

automatic. In contrast, a response pattern that is more erratic has been interpreted as 

indicative of less automaticity. Over the course of learning, CV scores should become 

smaller as learning takes place. Mean CV scores were calculated for early, middle, and 

final stages of practice. The early phase consisted of the first four comprehension blocks 

(Blocks 1, 2, 5, 6), the middle four comprehension blocks (Blocks 18, 21, 22, 25), and the 

final four comprehension blocks (Blocks 37, 38, 41, 42).  In addition, the block number at 

which each leaner reached proficiency benchmarks was used to assess the development 

of proficiency over time.

Description of Practice Data

There were two types of practice data: coefficient of variation data and 

benchmark data. Each are described next.

Coefficient of Variation Data

 Descriptive statistics for coefficient of variation (CV) data from comprehension 

practice are reported in Table 70. CVs are calculated by dividing the standard deviation 

for reaction time by mean reaction time for each individual. In this investigation, CV data 

pertain correct sentences composed of combinations of correct agreement, phrase 

structure, and verb argument structures. As a result, the source of learner error—

agreement, phrase structure, verb argument, or something else—can not be determined 
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from the data. CV data were averaged for three stages of practice: Beginning, Middle, 

and Final. 

K-S tests of normality indicated that group distributions were not statistically 

significantly different from a normal curve for any stage (p<0.05). Repeated measures 

ANOVA indicated that the explicit and implicit group performance on the three stages of 

practice was not statistically significantly different (F(1,27)=1.21, p=0.28, 2=0.04). As 

was expected, CV values were significantly smaller by the end of training, although this 

difference was small (F(2, 54)=9.79, p=.00, 2=0.27). Post-hoc Scheffe tests indicated 

that the final stage differed significantly from the beginning (p=0.00) and middle stages 

(p=0.01); however, performance differences for the beginning and middle stages were not 

statistically significantly different (p=0.43).

Table 71. Means and K-S Tests of Normality for Practice CVs.
Practice Stage Kolmogorov-Smirnov testGroup (N) Mean SD

D p

All  (29) 0.08 0.02 0.09 0.20

Explicit (15) 0.09 0.02 0.18 0.20

Beginning

Implicit (14) 0.08 0.02 0.11 0.20

All  (29) 0.08 0.02 0.09 0.20

Explicit (15) 0.08 0.02 0.17 0.20

Middle

Implicit (14) 0.08 0.02 0.12 0.20

Final All  (29) 0.07 0.02 0.11 0.20

Explicit (15) 0.07 0.02 0.13 0.20

Implicit (14) 0.07 0.02 0.16 0.20

*p<0.05; +p<0.10.
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Benchmark Data

Descriptive statistics for the number of practice modules needed to reach 

proficiency benchmarks are reported in Table 72. As described in Chapter 4, the low 

proficiency benchmark was 45% accuracy on two consecutive comprehension blocks, 

while the advanced proficiency benchmark was 95% accuracy on two consecutive 

comprehension blocks. 

Low Proficiency

For the low proficiency benchmark, boxplot graphs indicated the presence of 

three outliers who required 22, 25, and 26 blocks of training to reach low proficiency, 

compared to other learners who typically reached the low proficiency benchmark within 

10 modules. All three outlier values were 1.5 x IQR above the 75th percentile value, and 

so were eliminated. The resulting descriptive statistics are reported in Table 72. Despite 

this adjustment, the K-S test indicated that the sample distribution was significantly 

different from a normal distribution. No outliers were present at this second stage; rather, 

the sample was significantly skewed (z=2.46, p < 0.01). Data were left as is (as opposed 

to transformed).

The same outliers in the entire sample were also outliers in the explicit and 

implicit conditions, and were thus eliminated from instructional condition analyses as

well. Again, despite this adjustment, K-S tests indicates that the condition samples were 

not normally distributed. Both conditions were significantly skewed (explicit: z=1.84, p < 

0.05; implicit: z=3.57,  p< 0.001). Data were left as is.
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Despite non-normality, a t-test indicated that there were no significant differences 

between conditions on learning rate to low proficiency (t(27)=-0.54, p=0.60).

Advanced Proficiency

For the advanced proficiency benchmark, initial descriptive analysis indicated that 

the distribution for all participants differed significantly from a normal distribution 

(D=0.20, p=0.01) because of skewing (z=2.11, p <0.05), but not because of outliers. 

Within the instructional conditions, in the explicit condition, there were two outliers who 

required more modules to reach the advanced proficiency benchmark. These were 

eliminated. Following this adjustment, the K-S test indicated the distribution did not 

differ significantly from a normal distribution (D=0.19, p=0.20). A K-S test indicated the 

implicit condition was normally distributed, although the D value approached 

significance (D=0.24 , p=0.06). In the implicit group at advanced proficiency, two 

participants failed to reach the 95% accuracy benchmark, so these were eliminated from 

the analyses. To understand why these learners failed to achieve advanced proficiency, 

their grammaticality judgment task scores at advanced proficiency were inspected. These 

indicated that both participants scored only slightly above chance on the Agreement 

subtest (0.52 and 0.55), suggesting that difficulty with this structure was the possible 

cause of these learners’ failure to reach advanced proficiency. A t-test indicated the 

number of modules needed to reach the advanced benchmark did not differ significantly 

between the two conditions (t(14.90)=-1.36;  p=20).
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Table 72. Means and K-S Tests of Normality for Number of Practice Modules Needed to 
Reach Low and Advanced Proficiency Benchmarks.
Benchmark Kolmogorov-Smirnov testGroup (N) Mean SD

D p

All  (26) 4.04 2.93 0.37* 0.00

Explicit (14) 4.07 2.81 0.33* 0.00

Low

Implicit (13) 5.38 5.85 0.34* 0.00

All  (27) 15.48 12.12 0.20* 0.01

Explicit (13) 16.92 6.14 0.19 0.20

Advanced

Implicit (12) 16.83 13.87 0.24+ 0.06

Analysis of Practice Data

An analysis of practice data is included here to examine the predictive capacity of 

the independent variables on the rate of learning. Note that practice data are global 

measures of proficiency that do not distinguish abilities in the target structures. 

Therefore, practice data cannot directly address the hypotheses, which specifically pertain 

to the development of  grammar. Nevertheless, the predictive capacity of the independent 

measures were examined in this global context.

In the first analysis, the CV data were regressed against all independent variables 

using simple linear regression. As described above,  CV (coefficient of variation) scores 

were derived by dividing each individual’s standard deviation for reaction time (RT) by 

his or her mean RT. CV values potentially index stability and automatization of language: 

a smaller CV score is associated with greater stability and faster processing speed 

(Segalowitz & Freed, 2004). In the second analysis, benchmark data were regressed 
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against all independent variables using simple linear regression. The benchmark for low 

proficiency was 45 percent accuracy on two consecutive comprehension blocks, while the 

benchmark for advanced proficiency was 95 percent accuracy on two consecutive 

comprehension blocks. In both analyses, working memory, aptitude, and intelligence are 

also included for exploratory purposes.

Simple Linear Regression Analysis of Practice CV Data Using All Independent Variables

Using simple linear regression, CV values at different stages of practice were 

regressed against each of the independent variables for the two conditions 

(explicit/implicit). Results are reported next.

Explicit Condition

The regression coefficients for explicit condition variables are presented in Table

73. Declarative memory indices were somewhat predictive of global proficiency at 

middle and final stages of practice. (a) CVMT scores (visual learning) predicted the 

middle stage of practice  (=-0.67, R2=0.45, p=01) and marginally predicted the final 

stage of practice (=-0.49, R2=0.24, p=0.06). (b) The remaining declarative memory tests 

were not predictive. 

Procedural memory measures were not predictive of learners’ CVs in the explicit 

condition.

Three working memory measures predicted or marginally predicted learners’ CV 

values in the explicit condition. (a) Performance on the Animals task (attention/semantic 

fluency) marginally predicted reaction time/processing speed during the middle stages of 

learning (=-0.54, R2=0.29, p=0.06). (b) Performance on the Kitchen task 

(attention/semantic fluency) predicted slower reaction time/processing speed during the 
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beginning of learning (=0.73, R2=0.53, p=0.00). (c) Scores on CVLT-II, Trial 1 (short-

term memory) predicted slower reaction time/processing speed during the final stages of 

practice (=0.57, R2=0.32, p=0.03). (d) Scores on the Nonword Repetition task (short-

term memory) marginally predicted faster CV in the final stages of practice (B=-0.50, 

R2=0.25, p=0.06). (d) The remaining working memory tests were not predictive.  

Aptitude and intelligence were not predictive of learners’ CVs in the explicit 

condition.
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Table 73. Explicit Group Regression Coefficients for CVs at Different Stages of Practice. 
Beginning Middle FinalTest n

 R2 p  R2 p  R2 p

Arfl.Grmr. HF 14 -0.19 0.04 0.52 -0.35 0.12 0.23 -0.36 0.13 0.21

CVLT-II Total 15 -0.15 0.02 0.58 -0.21 0.04 0.45 0.07 0.01 0.81

CVMT 15 -0.11 0.01 0.69 -0.67* 0.45 0.01 -0.49+ 0.24 0.06

Arfl.Grmr. LF 13 -0.05 0.00 0.88 -0.12 0.01 0.71 0.26 0.07 0.38

WPT8 14 0.12 0.01 0.69 -0.09 0.01 0.76 -0.28 0.08 0.32

Digit Symbol 12 0.45 0.20 0.14 0.10 0.01 0.75 0.02 0.00 0.96

Animals 13 -0.04 0.00 0.91 -0.54+ 0.29 0.06 -0.31 0.10 0.30

FAS 13 0.30 0.09 0.32 0.03 0.00 0.92 0.10 0.01 0.74

Kitchen 13 0.73* 0.53 0.00 0.18 0.03 0.56 -0.24 0.06 0.43

CVLT-II (Trial 1) 15 -0.12 0.01 0.68 0.19 0.04 0.49 0.57* 0.32 0.03

Nonword Rep 15 -0.04 0.00 0.87 -0.15 0.02 0.60 -0.50+ 0.25 0.06

Sentence Rep 15 0.38 0.14 0.17 0.67 0.01 0.67 -0.38 0.14 0.17

MLAT3 15 -0.15 0.02 0.60 -0.30 0.09 0.28 -0.15 0.02 0.60

MLAT4 15 0.31 0.10 0.26 0.08 0.01 0.79 -0.06 0.00 0.84

MLAT5 15 0.11 0.01 0.69 -0.17 0.03 0.54 -0.07 0.00 0.81

MLAT Total 15 0.04 0.00 0.89 -0.21 0.04 0.45 -1.40 0.02 0.63

KBIT2-NV 15 0.22 0.05 0.43 -0.16 0.03 0.56 -0.29 0.08 0.29

KBIT2-V 15 0.18 0.03 0.52 -0.23 0.05 0.41 -0.43 0.19 0.11

KBIT2 Comp 15 0.22 0.05 0.43 -0.21 0.04 0.45 -0.39 0.15 0.16

*p<0.05; + p<0.10.
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Implicit Condition

The regression coefficients for implicit condition variables are presented in Table

74. Declarative memory indices were somewhat predictive of global proficiency at 

beginning and middle stages of practice. CVLT-II total scores (verbal learning) 

marginally predicted smaller CVs during the beginning (B=-0.46, R2=0.21, p=0.10) and 

final stages of learning (B=-0.50, R2=0.25, p=0.07). (b) CVMT scores (visual learning) 

marginally predicted the beginning stage of practice (=-0.49, R2=0.24, p=07) and 

predicted CVs in the middle stage of practice (=-0.58, R2=0.34, p=0.03). (c) No other 

declarative measures were predictive.

The procedural memory measures did not predict learners’ CVs at the p < 0.10 

level at any stage of practice in the implicit condition.

Three working memory measures predicted or marginally predicted learners’ CVs 

during beginning stages of practice. (a) Performance on the FAS task (attention/phonemic 

fluency) marginally predicted smaller CVs during the beginning of practice (B=-0.47, 

R2=0.22, p=0.00). (b) Performance on the Kitchen task (attention/semantic fluency) 

predicted smaller CVs during the beginning of practice (B=-0.59, R2=0.35, p=0.03). (c) 

Scores on CVLT-II, Trial 1 (short-term memory) predicted smaller CVs during the first 

stages of practice (=0.787, R2=0.60, p=0.00). (c) The remaining tests were not 

predictive.

Two measures of aptitude and intelligence predicted or marginally predicted CVs 

in the implicit condition. (a) Performance on MLAT4 (grammatical sensitivity) predicted 

smaller CVs during the beginning of practice (=-0.53, R2=0.28, p=0.05). (b) 

Performance on the KBIT2-Verbal test marginally predicted smaller CVs during the 
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middle of practice (=0.48, R2=0.23, p=0.08). However, in this case, verbal intelligence 

predicted more-variable/less-automatic performance. (c) The remaining aptitude and 

intelligence tests were not predictive.

Table 74. Group Regression Coefficients for CVs at Different Stages of Practice.
Beginning Middle Final

Test

n

 R2 p  R2 p  R2 p

Arfl.Grmr. HF 13 0.13 0.02 0.66 -0.1 0.01 0.76 0.32 0.1 0.29

CVLT-II Total 14 -0.46+ 0.21 0.10 -0.50+ 0.25 0.07 -0.16 0.03 0.57

CVMT 14 -0.49+ 0.24 0.07 -0.58* 0.34 0.03 -0.26 0.07 0.37

Arfl.Grmr. LF 13 0.19 0.04 0.52 -0.04 0.00 0.90 0.14 0.02 0.66

WPT8 12 0.42 0.18 0.17 0.48 0.23 0.11 0.18 0.03 0.58

Digit Symbol 8 -0.52 0.26 0.19 -0.05 0.00 0.91 -0.55 0.30 0.16

Animals 14 -0.41 0.17 0.14 -0.33 0.11 0.24 -0.26 0.07 0.36

FAS 14 -0.47+ 0.22 0.09 -0.33 0.11 0.25 -0.09 0.01 0.76

Kitchen 14 -0.59* 0.35 0.03 0.00 0.00 0.99 -0.39 0.15 0.17

CVLT-II (1) 13 -0.78* 0.60 0.00 0.34 0.11 0.26 -0.46 0.21 0.12

Nonword Rep 14 -0.19 0.04 0.52 0.04 0.00 0.90 -0.04 0.00 0.89

Sentence Rep 14 -0.44 0.19 0.12 -0.16 0.02 0.59 -0.33 0.11 0.25

MLAT3 14 0.12 0.01 0.69 0.11 0.01 0.71 0.05 0.00 0.86

MLAT4 14 -0.53* 0.28 0.05 -0.18 0.03 0.55 -0.40 0.16 0.16

MLAT5 14 0.04 0.00 0.88 -0.19 0.04 0.52 -0.21 0.04 0.47

MLAT Total 14 -0.17 0.03 0.56 -0.11 0.01 0.71 -0.28 0.08 0.33
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Beginning Middle Final

Test

n

 R2 p  R2 p  R2 p

KBIT2-NV 14 0.03 0.00 0.92 0.02 0.00 0.94 -0.09 0.01 0.76

KBIT2-V 14 0.34 0.12 0.23 0.48+ 0.23 0.08 0.37 0.14 0.19

KBIT2 Comp 14 0.20 0.04 0.50 0.27 0.07 0.35 0.14 0.02 0.62

*p<0.05; + p<0.10.

Summary of CV Analysis

In the explicit condition, declarative memory (CVMT) abilities predicted faster 

CVs for learners at middle and final stages of practice, as learners progressed beyond 

basic proficiency. This suggests that for learners in the explicit condition, declarative 

memory resources became more important, not less important, with continued practice. In 

the implicit condition, declarative memory predicted beginning and middle stages of 

learning, but not final stages. This suggests that for learners in the implicit condition, 

declarative memory resources were more important for initial and medial learning. In 

sum, declarative memory was predictive throughout learning, but this differed for 

learners in the two conditions. 

Procedural memory abilities were not predictive for learners in either condition. 

While there may be many reasons for obtaining these results, these findings may indicate 

that either procedural memory was not implicated in language learning at all, or 

procedural memory is not predictive of global language proficiency. These findings 

would not be predicted by theories proposed by DeKeyser (2007) and Paradis (2002). 
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Some of the remaining measures predicted CVs. Two measures of working 

memory predicted proficiency in the two conditions. The Kitchen task (complex attention 

and word retrieval) predicted better stability and automaticity in early stages of learning 

in both conditions. The CVLT-II, Trial 1 (short-term memory for verbal material) 

predicted better stability/automaticity in the final stage of learning in the explicit 

condition, but predicted better stability/automaticity in the initial stage of learning in the 

implicit condition. Better performance on MLAT4 Words in Sentences (grammatical 

sensitivity) predicted better stability/automaticity in the initial stage of learning in the 

implicit condition. Better verbal intelligence marginally predicted less 

stability/automaticity during middle stages of practice.

Simple Linear Regression Analysis of Practice Benchmark Data Using All Independent 

Variables

Using simple linear regression, the modules at which participants reached the low 

(45% accuracy on two consecutive practice modules) and advanced (95% accuracy on 

two consecutive practice modules) proficiency benchmarks were regressed against each 

of the independent variables for the two conditions (explicit/implicit). These regression 

analyses are reported next. 

Explicit Condition

The regression coefficients for explicit condition variables are presented in Table

75. Among declarative memory measures, the CVMT marginally predicted a faster rate 

of attainment of the advanced proficiency benchmark (=-0.52, R2=0.27, p=0.07). The 

two procedural memory measures were not predictive. Among working memory 

measures, the Animals task (attention) marginally predicted a faster rate of attainment of 
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the advanced proficiency benchmark (=-0.54, R2=0.29, p=0.07. No other variables 

predicted learning rate.

Table 75. Explicit Group Regression Coefficients for Module at Which Proficiency 
Benchmarks Were Reached.

Low AdvancedTest
n  R2 p n  R2 p

Arfl. Grmr. HF 13 0.01 0.00 0.98 12 -0.36 0.13 0.25

CVLT-II Total 14 -0.22 0.05 0.45 13 -0.19 0.04 0.53

CVMT 14 -0.29 0.08 0.32 13 -0.52+ 0.27 0.07

Arfl. Grmr. LF 12 -0.11 0.01 0.73 11 -0.06 0.00 0.86

WPT8 13 -0.14 0.02 0.64 12 -0.18 0.03 0.58

Digit Symbol 11 -0.44 0.19 0.18 10 -0.41 0.17 0.24

Animals 12 -0.54+ 0.29 0.07 11 -0.11 0.01 0.74

FAS 12 -0.27 0.07 0.40 11 -0.19 0.04 0.58

Kitchen 12 -0.15 0.02 0.65 11 -0.16 0.03 0.64

CVLT-II (1) 14 -0.04 0.00 0.89 13 -0.05 0.00 0.86

Nonword Rep 14 0.07 0.00 0.80 13 0.08 0.01 0.80

Sentence Rep 14 0.02 0.00 0.96 13 -0.33 0.11 0.27

MLAT3 14 -0.24 0.12 0.23 13 -0.05 0.00 0.86

MLAT4 14 -0.07 0.00 0.80 13 -0.32 0.10 0.29

MLAT5 14 -0.25 0.06 0.39 13 -0.42 0.18 0.15

MLAT Total 14 -0.32 0.10 0.27 13 -0.24 0.06 0.43

KBIT2-NV 14 0.13 0.02 0.66 13 -0.30 0.09 0.32

KBIT2-V 14 -0.07 0.00 0.80 13 -0.28 0.08 0.35

KBIT2 Comp 14 0.04 0.00 0.90 13 -0.30 0.09 0.32
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Implicit Condition

The regression coefficients for implicit condition variables are reported in Table

76. The declarative and procedural memory measures were not predictive of the rate at 

which learners attained low and advanced benchmarks.

Working memory measures predicted aspects of learning rate. (a) Performance on 

the Digit Symbol task (speeded attention) strongly predicted faster rate of learning (low: 

=-0.80, R2=0.64, p=0.03; advanced: =-0.87, R2=0.76, p=0.00). (b) Scores on the 

CVLT-II, Trial 1 (short-term memory) marginally predicted faster attainment of the low 

proficiency benchmark (=-0.52, R2=0.27, p=0.08). (c) Scores on the Nonword 

Repetition task (short-term memory) predicted faster rate of attainment to the advanced 

proficiency benchmark (=-0.76, R2=0.58, p=0.00). (c) Scores on the Sentence Repetition 

task (short-term memory) predicted faster rate of obtaining the low proficiency 

benchmark (=-0.82, R2=0.65, p=0.00) and marginally predicted attainment of the 

advanced benchmark (=-0.55, R2=0.30, p=0.06) (d) The remaining working memory 

tests were not predictive. 

Measures of aptitude and intelligence also predicted or marginally predicted the 

rate of language learning in the implicit condition. (a) Performance on MLAT4 Words in 

Sentences (grammatical sensitivity) predicted faster attainment of the low benchmark 

(=-0.80, R2=0.65, p=0.00). (b) Performance on MLAT5 Paired Associates (rote 

memorization) marginally predicted faster attainment of the advanced benchmark (=-

0.50, R2=0.25, p=0.10). (c) MLAT total scores (L2 aptitude) marginally predicted faster 

attainment of the low benchmark (=-0.48, R2=0.23, p=0.10). (d) The KBIT2-Nonverbal 

subtest marginally predicted the attainment of the advanced benchmark (=-0.54, 
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R2=0.29, p=0.07). (e)  The KBIT2 Composite score also marginally predicted the 

attainment of the advanced benchmark (=-0.56, R2=0.31, p=0.06). The remaining 

aptitude and intelligence tests were not predictive .  

Table 76. Implicit Group Regression Coefficients for Module at Which Proficiency 
Benchmarks Were Reached. 

Low AdvancedTest

n  R2 p n  R2 p

Arfl. Grmr. HF 12 0.14 0.02 0.66 11 -0.06 0.00 0.86

CVLT-II Total 13 -0.10 0.01 0.75 12 0.04 0.00 0.89

CVMT 13 -0.05 0.00 0.87 12 -0.13 0.02 0.68

Arfl. Grmr. LF 12 0.24 0.06 0.45 11 0.16 0.03 0.63

WPT8 11 -0.06 0.00 0.86 10 0.13 0.02 0.72

Digit Symbol 7 -0.80* 0.64 0.03 8 -0.87* 0.76 0.00

Animals 13 -0.08 0.01 0.79 12 -0.06 0.00 0.85

FAS 13 0.02 0.00 0.94 12 0.12 0.02 0.70

Kitchen 13 -0.08 0.01 0.79 12 -0.25 0.06 0.43

CVLT-II (1) 12 -0.52+ 0.27 0.08 11 -0.45 0.20 0.17

Nonword Rep 13 -0.44 0.20 0.13 12 -0.76* 0.58 0.00

Sentence Rep 13 -0.82* 0.68 0.00 12 -0.55+ 0.30 0.06
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Low AdvancedTest

n  R2 p n  R2 p

MLAT3 13 -0.20 0.04 0.51 12 0.19 0.04 0.55

MLAT4 13 -0.80* 0.65 0.00 12 -0.41 0.17 0.18

MLAT5 13 0.20 0.04 0.50 12 -0.50+ 0.25 0.10

MLAT Total 13 -0.48+ 0.23 0.10 12 -0.32 0.10 0.31

KBIT2-NV 13 -0.32 0.10 0.28 12 -0.54+ 0.29 0.07

KBIT2-V 13 -0.41 0.17 0.17 12 -0.45 0.20 0.14

KBIT2 Comp 13 -0.42 0.18 0.15 12 -0.56+ 0.31 0.06

*p<0.05; + p<0.10.

Summary of Benchmark Analysis

In the explicit condition, declarative memory (CVMT) marginally predicted the 

rate of attainment to advanced, but not low, proficiency. This parallels the CV data 

reported above, which indicated that declarative memory was more important at later 

stages of learning in the explicit condition. This suggests that declarative memory 

predicts stability/automaticity as well as rate for learners in the explicit condition. In the 

implicit condition, declarative memory was not predictive of attaining either benchmark. 

This does not parallel the CV data reported above, where declarative memory was 

predictive at beginning and middle stages of learning. This suggests that while 

declarative memory predicted the rate of stability/automaticity displayed early in 

learning, it did not predict the rate of accuracy for learners in the implicit condition. 

Interestingly, implicit condition data suggest a dissociation between stability/automaticity 
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and accuracy. Thus, the predictive capacity of declarative memory varied for the two 

conditions and according to the dependent variable examined. 

Procedural memory abilities did not predict the rate of attainment in either 

condition. Although there may be many reasons for these findings, it may be the case that 

(a) procedural memory abilities are not strongly related to the rate of attainment, or that 

(b) they do not predict the rate of language learning overall. As mentioned above, such 

findings would not be predicted by some theories reviewed above (DeKeyser, 2007; 

Paradis, 2002).

Measures of working memory were differentially predictive. In the explicit 

condition, one measure of attention and retrieval, the Animals task, marginally predicted 

the rate of attaining low proficiency. In contrast, multiple measures of working memory 

predicted or marginally predicted rate of learning in the implicit condition. First, 

performance on the Digit Symbol task (speeded attention) strongly predicted faster rate of 

learning for both benchmarks. Unfortunately, only a subset of participants completed the 

Digit Symbol task, so these results depend on data from a small sample. Second, short-

term memory abilities also predicted the rate of attaining both low and advanced 

benchmarks. In all cases, faster rate of attainment was associated with more attentional or 

more short-term memory capacity, not less. 

Like working memory, measures of aptitude and intelligence did not predict the 

rate of attainment in the explicit condition, but did in the implicit condition. Grammatical 

sensitivity and overall aptitude predicted or marginally predicted the rate of attaining low 

proficiency, while rote memorization abilities predicted the rate of attaining advanced 
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proficiency. In addition, verbal intelligence and overall intelligence predicted the rate of 

attaining advanced proficiency for learners in the implicit condition.

Limitations

The analyses of practice data has some limitations. Unlike the GJT data reported 

in Chapter 5., analyses of declarative and procedural memory were not conducted with 

covariates. Furthermore, no tests for multivariate outliers were conducted. Finally, 

subgroup analysis and quadratic analyses were not performed. All of these steps were 

insightful in the GJT analyses. 
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APPENDIX E

Quadratic Linear Regression Graphs Depicting the Relationship between CVMT and GJT 

Scores

Figure 25. Agreement subtest scores by CVMT d-prime scores at low proficiency for the 
explicit condition.
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Figure 26. Phrase Structure subtest scores by CVMT d-prime scores at low proficiency 
for the explicit condition. 
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Figure 27. Rule-Based Grammar subtest scores by CVMT d-prime scores at low 
proficiency for the explicit condition.
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Figure 28. Verb Argument subtest scores by CVMT d-prime scores at low proficiency for 
the explicit condition.
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Figure 29. GJT1 scores by CVMT d-prime scores at low proficiency for the explicit 
condition. 
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Figure 30. Agreement subtest scores by CVMT d-prime scores at advanced proficiency 
for the explicit condition. 
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Figure 31. Phrase Structure subtest scores by CVMT d-prime scores at advanced 
proficiency for the explicit condition.
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Figure 32. Rule-Based Grammar subtest scores by CVMT d-prime scores at advanced 
proficiency for the explicit condition.
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Figure 33. Verb Argument subtest scores by CVMT d-prime scores at advanced 
proficiency for the explicit condition.
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Figure 34. GJT2 scores by CVMT d-prime scores at advanced proficiency for the explicit 
condition. 
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Figure 35. Agreement subtest scores by CVMT d-prime scores at low proficiency for the 
implicit condition. 
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Figure 36. Phrase Structure subtest scores by CVMT d-prime scores at low proficiency 
for the implicit condition.
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Figure 37. Rule-Based Grammar subtest scores by CVMT d-prime scores at low 
proficiency for the implicit condition.



367

Figure 38. Verb Argument subtest scores by CVMT d-prime scores at low proficiency for 
the implicit condition. 
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Figure 39. GJT1 scores by CVMT d-prime scores at low proficiency for the implicit 
condition.
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Figure 40. Agreement subtest scores by CVMT d-prime scores at advanced proficiency 
for the implicit condition.
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Figure 41. Phrase Structure subtest scores by CVMT d-prime scores at advanced 
proficiency for the implicit condition
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Figure 42. Rule-Based Grammar subtest scores by CVMT d-prime scores at advanced 
proficiency for the implicit condition.
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Figure 43. Verb Argument subtest scores by CVMT d-prime scores at advanced 
proficiency for the implicit condition.
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Figure 44. GJT2 scores by CVMT d-prime scores at advanced proficiency  for the 
implicit condition.
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APPENDIX F

Quadratic Linear Regression Graphs Depicting the Relationship between WPT8 and GJT 

Scores

Figure 45. Agreement subtest scores by WPT8 scores at low proficiency for the explicit 
condition.
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Figure 46. Phrase Structure subtest scores by WPT8 scores at low proficiency for the 
explicit condition.
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Figure 47. Rule-Based Grammar subtest scores by WPT8 scores at low proficiency for 
the explicit condition.
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Figure 48. Verb Argument subtest scores by WPT8 scores at low proficiency for the 
explicit condition.
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Figure 49. GJT1 scores by WPT8 scores at low proficiency for the explicit condition.
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Figure 50. Agreement subtest scores by WPT8 scores at advanced proficiency for the 
explicit condition.
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Figure 51. Phrase Structure subtest scores by WPT8 scores at advanced proficiency for 
the explicit condition.
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Figure 52. Rule-Based Grammar subtest scores by WPT8 scores at advanced proficiency 
for the explicit condition.
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Figure 53. Verb Argument subtest scores by WPT8 scores at advanced proficiency for the 
explicit condition.
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Figure 54. GJT2 scores by WPT8 scores at advanced proficiency for the explicit 
condition.
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Figure 55. Agreement subtest scores by WPT8 scores at low proficiency for the implicit 
condition.
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Figure 56. Phrase Structure subtest scores by WPT8 scores at low proficiency for the 
implicit condition.
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Figure 57. Rule-Based Grammar subtest scores by WPT8 scores at low proficiency for 
the implicit condition.
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Figure 58. Verb Argument subtest scores by WPT8 scores at low proficiency for the 
implicit condition.
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Figure 59. Verb Argument subtest scores by WPT8 scores at low proficiency for the 
implicit condition.
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Figure 60. Agreement subtest scores by WPT8 scores at advanced proficiency for the 
implicit condition.
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Figure 61. Phrase Structure subtest scores by WPT8 scores at advanced proficiency for 
the implicit condition.
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Figure 62. Rule-Based Grammar subtest scores by WPT8 scores at advanced proficiency 
for the implicit condition.



392

Figure 63. Verb Argument subtest scores by WPT8 scores at advanced proficiency for the 
implicit condition.
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Figure 64. GJT2 scores by WPT8 scores at advanced proficiency for the implicit 
condition.



APPENDIX G

Table 77. ANCOVA Analyses of ERP Data for Agreement at Low Proficiency for SPLs and UPLs in the Explicit Condition.
SPLs UPLsTime

ANCOVA Follow-Up 1: 
Region

Voltage Map ANCOVA Follow-Up 1: 
Region

Voltage 
Map

Group 
Differences 
ANCOVA

TW1 --- --- --- ---

TW2 L x IT+ --- L x AP x H x 
IT+

--- ---

TW3 --- --- --- --- ---

TW4 --- --- --- --- ---

TW5 --- --- AP x IT+ Ant*, 
Ant-Cent+

---

Time windows (TW) for agreement are: TW1, 100-250ms; TW2, 250-400ms; TW3, 400-600ms; TW4, 600-800ms; TW5 800-1200ms. 
IT=Item Type (Correct, Violation); L=Laterality (Lateral, Medial); AP=Ant/ Post; H=Hemisphere (Left, Right). For interactions involving 
the variable AP, p values are based on the Huynh-Feldt correction. + marginal; * p < 0.05. Shades of red indicate a negativity, shades of 
blue indicate a positivity.
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Table 78. ANCOVA Analyses of ERP Data for Agreement at Low Proficiency for SPLs and UPLs in the Implicit Condition.
SPLs UPLsTime

ANCOVA Follow-Up 1: 
Region

Voltage
Map

ANCOVA Follow-Up 1: 
Region

Voltage Map
Group 

Differences ANCOVA

TW1 --- --- AP x IT* Ant-Cent+ --

TW2 --- --- --- --- L x AP x H x IT x A

TW3 --- --- AP x H x IT+ Cent+, Post-Cent* --

TW4 --- --- L x AP x IT* Post+ L x AP x H x IT x A

TW5 --- --- --- --- ---

Time windows (TW) for agreement are: TW1, 100-250ms; TW2, 250-400ms; TW3, 400-600ms; TW4, 600-800ms; TW5 800-1200ms. 
IT=Item Type (Correct, Violation); L=Laterality (Lateral, Medial); AP=Ant/ Post; H=Hemisphere (Left, Right). For interactions involving 
the variable AP, p values are based on the Huynh-Feldt correction. + marginal; * p < 0.05. Shades of red indicate a negativity, shades of 
blue indicate a positivity.
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Table 79. ANCOVA Analyses of ERP Data for Phrase Structure at Low Proficiency for SPLs and UPLs in the Explicit 
Condition.

SPLs UPLsTime
ANCOVA Follow-Up 1: 

Region
Voltage Map ANCOVA Follow-Up

1: Region
Voltage Map

Group 
Differences 
ANCOVA

AP x IT+ Post+

L x AP x IT* --
TW1

AP x H x IT* Left+

AP x H x IT+ -- ---

AP x IT+ Post Cent+, Post* AP x IT+ Ant+TW2
L x AP x IT* Medial+, Lateral+

---

TW3 --- --- AP x IT+ Ant+ L x IT x A

TW4 AP x IT+ --- --- --- --

TW5 AP x IT+ --- --- --- --

Time windows for phrase structure are: TW1, 100-200ms; TW2, 200-400ms; TW3, 400-600ms; TW4, 600-800ms; TW5 800-1000ms. 
IT=Item Type (Correct, Violation); L=Laterality (Lateral, Medial); AP=Ant/ Post; H=Hemisphere (Left, Right). For interactions involving 
the variable AP, p values are based on the Huynh-Feldt correction. + marginal; * p < 0.05. Shades of red indicate a negativity, shades of 
blue indicate a positivity.
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Table 80. ANCOVA Analyses of ERP Data for Phrase Structure at Low Proficiency for SPLs and UPLs in the Implicit 
Condition.

SPLs UPLsTime
ANCOVA Follow-Up 1: Region Voltage

Map
ANCOVA Follow-Up 1: Region Voltage

Map

Group 
Differences 
ANCOVA

TW1 --- --- AP x IT* --- AP x IT x A

AP x IT* Post-Cent*, Post*
L x AP x IT* Medial*, Lateral*, Cent+, 

Post-Cent+

TW2 --- ---

AP x H x IT* Left*, Right*

---

IT* (main 
effect)

Medial*, Lateral*, Cent*, 
Post-Cent*, Post*, Left+, 

Right*
AP x IT* Cent*, Post-Cent*, Post*
H x IT+ Left+, Right*

L x AP x IT* Medial*, Later*, Post-Cent+

TW3 IT* (main 
effect)

Medial+, Lateral*, Ant+, 
Cent*, Post Cent*, 

Right*

AP x H x IT* Cent*, Post-Cent*, Post*, 
Left*, Right*

AP x IT x A

AP x H x IT* Cent+, Post-Cent+TW4 IT* (main 
effect)

Medial*, Lateral*, Ant*, 
Ant-Cent*, Cent*, Left+ L x AP x H x 

IT*
Medial+, Lateral*, Cent+, 

Post-Cent+

AP x IT x A

AP x H x IT* Ant-Cent*, Left+, 
Right*

TW5 --- ---

L x AP x H x 
IT*

Medial*, Lateral*, Ant-
Cent*

---

Time windows for phrase structure are: TW1, 100-200ms; TW2, 200-400ms; TW3, 400-600ms; TW4, 600-800ms; TW5 800-1000ms. 
IT=Item Type (Correct, Violation); L=Laterality (Lateral, Medial); AP=Ant/ Post; H=Hemisphere (Left, Right). For interactions involving 
the variable AP, p values are based on the Huynh-Feldt correction. + marginal; * p < 0.05. Shades of red indicate a negativity, shades of 
blue indicate a positivity.
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Table 81. ANCOVA Analyses of ERP Data for Agreement at Advanced Proficiency for SPLs and UPLs in the Explicit 
Condition.

SPLs UPLsTime 
Window ANCOVA Follow-Up:

Region
Voltage Map ANCOVA Follow-Up:

Region
Voltage Map

Group 
Differences 
ANCOVA

TW1 L x AP x H x 
IT+

Lateral*, Ant-
Cent*

--- --- IT x A

TW2 AP x H x IT+ Post-Cent+, 
Post*

--- ---

TW3 --- --- --- --- AP x IT x A

TW4 --- --- --- --- L x IT x A
AP x H x IT x A

L x AP x H x IT x 
A

TW5 --- --- L x AP x H x 
IT+

Medial+, 
Lateral+,
Right*

Time windows (TW) for agreement are: TW1, 100-250ms; TW2, 250-400ms; TW3, 400-600ms; TW4, 600-800ms; TW5 800-1200ms. 
IT=Item Type (Correct, Violation); L=Laterality (Lateral, Medial); AP=Ant/ Post; H=Hemisphere (Left, Right). For interactions involving 
the variable AP, p values are based on the Huynh-Feldt correction. + marginal; * p < 0.05. Shades of red indicate a negativity, shades of 
blue indicate a positivity.
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Table 82. ANCOVA Analyses of ERP Data for Agreement at Advanced Proficiency for SPLs and UPLs in the Implicit 
Condition.

SPLs UPLsTime
ANCOVA Follow-Up: Region Voltage

Map
ANCOVA Follow-Up: Region Voltage

Map

Group 
Differences 
ANCOVA

IT+ (main 
effect)

Medial*, Lateral+, Ant*, 
Ant-Cent*, Cent*, Post-

Cent+, Left*, Right+

L x IT* Medial*, Lateral+

AP x IT+ ---TW1

AP x IT* Ant*, Ant-Cent*, Cent*, 
Post-Cent+

L x AP x H x 
IT*

Medial*, Ant+, Post-
Cent*, Left*

IT+ (main 
effect)

Medial*, Post-Cent*, 
Post*, Right*

L x IT* Medial*
H x IT+ Right*

AP x H x IT* Ant-Cent*, Cent+, 
Left+

TW2 H x IT+ ---

L x AP x H x 
IT*

Medial*, Ant-Cent*, 
Post-Cent+, Post+, 

Left*
L x IT* --- L x IT* Medial+

H x IT+ Right*

TW3

L x AP x H 
x IT*

Medial+, Ant-Cent*,
Post-Cent+, Post+,

Left* AP x H x IT* Ant*, Ant-Cent*, 
Cent+

AP x H x IT x A

AP x IT* Ant*, Ant-Cent+ IT* (main 
effect)

Medial*, Post-Cent*, 
Post+, Left+, Right* 

L x AP x 
IT*

Medial*, Lateral*, Ant-
Cent*

L x IT* Medial*

AP x H x IT* Ant*, Ant-Cent*

TW4

L x AP x H 
x IT*

Medial*, Lateral+, Ant-
Cent*, Post*, Left* L x AP x H x 

IT*
Lateral*, Ant-Cent+, 

Cent*, Left*

H x IT x A
AP x H x IT x A

L x AP x H x IT x A

TW5 AP x IT* --- H x IT* --- ---
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SPLs UPLsTime
ANCOVA Follow-Up: Region Voltage

Map
ANCOVA Follow-Up: Region Voltage

Map

Group 
Differences 
ANCOVA

AP x H x IT* Ant*, Ant-Cent*, 
Cent+

L x AP x H x 
IT*

Lateral*, Ant-Cent+, 
Left*, Right*

Time windows (TW) for agreement are: TW1, 100-250ms; TW2, 250-400ms; TW3, 400-600ms; TW4, 600-800ms; TW5 800-1200ms. 
IT=Item Type (Correct, Violation); L=Laterality (Lateral, Medial); AP=Ant/ Post; H=Hemisphere (Left, Right). For interactions involving 
the variable AP, p values are based on the Huynh-Feldt correction. + marginal; * p < 0.05. Shades of red indicate a negativity, shades of 
blue indicate a positivity.
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Table 83. ANCOVA Analyses of ERP Data for Phrase Structure at Advanced Proficiency for SPLs and UPLs in the Explicit 
Condition.

SPLs UPLsTime 
Window ANCOVA Follow-Up:

Region
Voltage Map ANCOVA Follow-Up:

Region
Voltage Map

Group 
Differences 
ANCOVA

TW1 --- --- L x H x IT* Right+ L x IT x A
L x AP x IT x A

TW2 --- --- L x H x IT+ --- H x IT x A

TW3 AP x IT+ Ant+ --- --- IT x A

TW4 --- --- --- --- IT x A

TW5 --- --- IT* (main 
effect)

Medial*, Lateral*, 
Ant*, Ant-Cent*, 

Cent*, Left*, 
Right*

L x AP x IT x A

Time windows for phrase structure are: TW1, 100-200ms; TW2, 200-400ms; TW3, 400-600ms; TW4, 600-800ms; TW5 800-1000ms. 
IT=Item Type (Correct, Violation); L=Laterality (Lateral, Medial); AP=Ant/ Post; H=Hemisphere (Left, Right). For interactions involving 
the variable AP, p values are based on the Huynh-Feldt correction. + marginal; * p < 0.05. Shades of red indicate a negativity, shades of 
blue indicate a positivity.
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Table 84. ANCOVA Analyses of ERP Data for Phrase Structure at Advanced Proficiency for SPLs and UPLs in the Implicit 
Condition.

SPLs UPLsTime
ANCOVA Follow-Up: Region Voltage

Map
ANCOVA Follow-Up: Region Voltage

Map

Group 
Differences 
ANCOVA

TW1 --- --- H x IT+ --- IT x A
H x IT x A

AP x IT+ ---
L x AP x IT+ Lateral*, Ant*, Ant-Cent*

TW2 IT+ (main 
effect)

Medial*, Ant-Cent+, 
Cent+, Post-Cent+, 

Post+, Left+ L x H x IT+ ---

---

H x IT+ ---
L x AP x IT* Ant+, Ant-Cent+, Cent+

L x H x IT* Medial*, Left*

TW3 --- ---

AP x H x IT* Ant*, Ant-Cent*, Cent*

L x AP x IT x A

AP x IT* --- L x IT* ---
L x AP x IT* Ant+, Ant-Cent*, Cent+

AP x H x IT* Ant+, Ant-Cent*, Cent+

TW4
L x AP x 

IT*
Ant+, Ant-Cent*, Cent+

L x AP x H x 
IT*

Lateral*, Ant+, Ant-Cent+, 
Left*

L x AP x IT x A

AP x IT* --- AP x IT* Post-Cent*, Post*
H x IT* ---

L x H x IT+ Lateral+, Left+

AP x H x IT* Ant*, Ant-Cent*, Ant+, 
Left*, Right*

TW5
Lx AP x 

IT+
Medial*, Lateral*, Ant-

Cent*

L x AP x H x 
IT*

Lateral*, Ant+, Ant-Cent*, 
Cent+

---

Time windows for phrase structure are: TW1, 100-200ms; TW2, 200-400ms; TW3, 400-600ms; TW4, 600-800ms; TW5 800-1000ms. 
IT=Item Type (Correct, Violation); L=Laterality (Lateral, Medial); AP=Ant/ Post; H=Hemisphere (Left, Right). For interactions involving 
the variable AP, p values are based on the Huynh-Feldt correction. + marginal; * p < 0.05. Shades of red indicate a negativity, shades of 
blue indicate a positivity.
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