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 Sounds can signal danger (e.g., roar of a lion), pleasure, (e.g., music), or carry 

linguistic relevance (e.g. speech). For sounds to guide behavior, the complex soundscape 

must first be appropriately categorized (Bizley & Cohen, 2013; Nelken, Bizley, Shamma, 

& Wang, 2014). Currently, our understanding of the neural correlates of auditory 

categorization and learning is largely constrained to the cerebral cortex (Leech, Holt, 

Devlin, & Dick, 2009; Lim, Fiez, & Holt, 2014; F. Ohl, Scheich, & Freeman, 2001; F. W. 

Ohl & Scheich, 2005). Here, I focus on the striatum and its extensive connectivity 

between the cerebral cortex, referred to as corticostriatal loops (Parent & Hazrati, 1995). 

In vision, these loops have been purported to be involved in sensory, executive, 

motivational, and motor processing during acquisition of novel categories (Seger & 

Miller, 2010). An influential theory in visual category learning posits that the executive 

loop is critical in developing, testing, and using reflective rules to categorize percepts, 

whereas the motor loop is critical in reflexively learning categories (Ashby & Maddox, 

2005, 2011). In this dissertation, I use a combination of structural and functional 

neuroimaging methods and behavioral training approach to examine the role of 

corticostriatal loops in auditory category learning. Structurally, I show that the 

connectivity between the auditory cortex and the caudate nucleus (sensory loop) relates to 

individual variability in speech category learning. Functionally, I show that successful 
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categorization of speech sounds is associated with greater recruitment of the motor loop 

during stimulus, and a combination of executive, motivational, and motor loops during 

feedback processing. Finally, I present evidence that reflective learning of the auditory 

categories involves recruitment of the prefrontal cortex, whereas reflexive learning 

primarily involves the motor loop (Ashby & Maddox, 2005, 2011). Altogether, these 

results suggest that (1) multiple corticostriatal loops are engaged during auditory category 

learning; (2) successful categorization of a stimulus is contingent on recruitment of the 

prefrontal or motor cortex; and (3) feedback is integrated throughout training via 

executive and motivational loops. 
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INTRODUCTION 

Beyond motor function, recent studies have identified a critical role for the 

striatum in wide-ranging processes including learning, social and language function, 

reward processing, and executive function (Pauli, O’Reilly, Yarkoni, & Wager, 2016; 

Robinson et al., 2012). This expanded role for the striatum is articulated in prominent 

models of categorization (Ashby & Ennis, 2006; Ashby, Turner, & Horvitz, 2010; Seger, 

2006, 2008; Seger & Cincotta, 2005; Seger & Miller, 2010), where the extensive 

connectivity between the striatum and the cerebral cortex, referred to as “corticostriatal 

loops” have been implicated in visual category learning (Seger, 2008; Seger & Miller, 

2010). In the context of category learning, four distinct loops have been identified and 

extensively discussed: sensory, executive, motor and motivational loops (Seger & Miller, 

2010). Per the influential Competition of Verbal and Implicit Systems (COVIS) model 

(Ashby & Alfonso-Reese, 1998; Ashby & Ennis, 2006; Nomura et al., 2007; Poldrack & 

Packard, 2003; Seger & Miller, 2010), the striatum is an important part of two dissociable 

learning systems. These systems have been referred to as explicit and implicit; 

hypothesis-testing and procedural, and more recently as reflective and reflexive systems 

(Chandrasekaran, Koslov, & Maddox, 2014; Chandrasekaran, Yi, & Maddox, 2014; 

Maddox & Chandrasekaran, 2014; Maddox, Chandrasekaran, Smayda, & Yi, 2013). 

Consistent with prior work from my lab, in this dissertation, I will use the terminology 

“reflective” and “reflexive” to distinguish the two systems. The reflective system is 

driven by analytical, rule-based, hypothesis-driven processing of the perceptual space 

based on the contents of feedback (Maddox & Ashby, 2004). The reflective system is 

posited to load heavily on working memory and executive attentional resources. In 

contrast, the reflexive system works to implicitly association perceptual regions with 
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behavioral responses that led to maximization of reward (Chandrasekaran, Koslov, et al., 

2014; Maddox & Chandrasekaran, 2014). 

The extent to which the corticostriatal loops are involved in auditory category 

learning is unclear (Lim et al., 2014). In the case of non-speech sounds, category learning 

has been associated with plasticity along the posterior superior temporal cortex (Leech et 

al., 2009; Ley et al., 2012). In contrast, no evidence to support striatal involvement has 

been published in a peer-reviewed journal (c.f., poster presentation: Lim, Holt, & Fiez, 

2013). Hence, there is currently a lack of comprehensive evidence concerning the roles of 

corticostriatal loops in auditory category learning. 

This question has immense clinical relevance. Basal ganglia dysfunction has been 

noted in several neurological disorders that impact speech and language (Badcock, 

Bishop, Hardiman, Barry, & Watkins, 2012; Belton, Salmond, Watkins, Vargha‐

Khadem, & Gadian, 2003). Enhancing the fundamental understanding of the role of 

auditory corticostriatal loops in learning behavior may assist in the selection of 

appropriate intervention in these disorders.  

The primary goal of this dissertation will be to characterize the functional role of 

corticostriatal loops in auditory category learning. In the next few paragraphs, I will 

provide an overview of the extant understanding of the functional neuroanatomy of the 

striatum and focus on the myriad connections with the cerebral cortex. In particular, I will 

focus on the structure of four corticostriatal loops already identified in visual category 

learning. I will then contextualize the main experiments in this dissertation that focuses 

on the functional role of these loops in the acquisition of speech and non-speech auditory 

categories.   

The striatum is composed of two main parts: the caudate nucleus, a tadpole-like 

elongated structure, and the putamen, an ellipsoid structure that is medial to the caudate 
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nucleus. Together with the globus pallidus, substantia nigra, and the subthalamic nucleus, 

the striatum forms what has been referred to as the basal ganglia. The basal ganglia are a 

group of subcortical structures with a high degree of interconnectivity with the cerebral 

cortex (Parent & Hazrati, 1995). Most cortical areas send projections to the striatum. The 

striatofugal pathways do not synapse directly onto cortical neurons, but indirectly project 

to the cortex via the globus pallidus. Some of these projections are reciprocal and form 

closed loops; whereas others are a part of open corticostriatal loops (Parent & Hazrati, 

1995). The extensive many-to-one, one-to-many, and one-to-one corticostriatal 

connectivity provides the scaffolding for diverse functions taken on by these loops. 

Recent theoretical models argue for four partially dissociable corticostriatal loops in 

categorization behavior: sensory, motivational, motor, and executive (Lopez-Paniagua & 

Seger, 2011; Seger, 2006, 2008; Seger & Cincotta, 2005; Seger & Miller, 2010). Below, I 

discuss the proposed anatomical and functional properties of the loops in detail. 

The sensory loop, refers to the projections from the visual cortex to the body and 

tail of the caudate nucleus (Seger & Miller, 2010). Even though this loop is referred to as 

the “sensory” loop, the functional role of this loop has only been examined in the visual 

domain. The sensory loop is an important substrate for category learning. In learning 

categories, it is not only important to increase between-category sensory differences, but 

also to decrease acuity to within-category sensory variations (Ashby & Townsend, 1986; 

Han, Köver, Insanally, Semerdjian, & Bao, 2007; McMurray, Tanenhaus, & Aslin, 2002; 

Reed et al., 2011; Seger & Peterson, 2013). This ability allows an organism to group 

perceptually different stimuli in a behaviorally relevant manner (e.g., tigers, lions, bears, 

and wolves are all predator animals justifying a flight response), and even to counteract 

perceptual variability that arises from navigating a complex world (e.g., a picture of a red 

apple will affect retinal cells differently across lighting conditions, viewing angles, and 
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etc.) (Seger & Peterson, 2013). This interpretation is supported by the many-to-one 

nature of corticostriatal projections, where up to 10,000 cortical neurons may synapse 

onto a single striatal neuron. Therefore, the sensory loop is well suited for reducing the 

fine-grained sensory representation at the cortex to low-resolution category 

representations at the level of the striatum (Ashby & Ennis, 2006; Hélie, Ell, & Ashby, 

2015). 

The motivational loop consists of the ventral striatum and the orbitofrontal cortex 

(Seger, 2006; Seger & Miller, 2010). To discuss the functional relevance of the 

motivational loop, it is necessary to understand the role of dopamine in reinforcement 

learning. In reinforcement learning, optimal responses to stimuli are learned in order to 

maximize reward (Dayan & Balleine, 2002; Holroyd & Coles, 2002). The dopaminergic 

neurons in the ventral tegmental area are initially responsive to the presentation of the 

reward that follows each response. Over time, these neurons learn to anticipate the 

reward, becoming increasingly responsive to the stimulus itself (Schultz, 1997, 1998, 

2002; Schultz, Tremblay, & Hollerman, 1998). In such a way, novel associations between 

the stimulus and the reward are formed. The ventral tegmental area is one of the input 

structures for the ventral striatum (Beckstead, Domesick, & Nauta, 1993). The 

motivational loop is also hypothesized to be involved in feedback-driven learning of 

categories. During feedback-driven visual category learning, the ventral striatum is 

sensitive to positive feedback generated by correct category responses (Seger & Miller, 

2010). 

The motor loop consists of the putamen and its projections to the motor cortex 

(Seger & Miller, 2010). In learning new categories with feedback, the success in training 

is contingent on the generation of correct category responses. It has been posited that 

throughout the course of learning, percepts are mapped onto category representations in 
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the motor cortex (Seger & Miller, 2010). More specifically, the motor loop has been 

implicated in the response selection stage of category learning, wherein the learners must 

choose among multiple alternative category responses to maximize reward gained from 

feedback (Seger, 2008). The executive loop consists of the head of the caudate nucleus, 

the dorsolateral prefrontal cortex, and the anterior cingulate cortex (Seger & Cincotta, 

2005; Seger & Miller, 2010). The executive loop is posited to be centrally involved in 

analytical processing during category learning, and therefore is the critical part of the 

reflective learning system. Categories are based on multiple perceptual dimensions; 

successful acquisition of novel categories hinges upon the learner’s ability to navigate 

and parse the perceptual space (Ashby & Alfonso-Reese, 1998; Ashby & Maddox, 1992, 

2005; Maddox & Ashby, 2004). The executive loop provides the cognitive scaffolding 

with which the percepts can be analytically mapped onto category representations (Ashby 

& Ell, 2001; Ashby & Maddox, 2011). 

With the exception of the sensory loop, the aforementioned corticostriatal loops 

do not include cortical regions thought to be unique to the visual modality. However, 

their roles in auditory category learning have not been delineated in humans. Non-human 

animal models afford valuable insight into the behavioral relevance of corticostriatal 

loops in the auditory learning. Structurally, the primary auditory cortex of the non-human 

primate brain projects to the tail of the caudate nucleus and the ventral-middle portion of 

the putamen. The secondary auditory cortex sends projections to the body and tail of the 

caudate nucleus, and the anterior and posterior-ventral portions of the putamen (Yeterian 

& Pandya, 1998). Functionally, in rodent models, stimulation of the auditory 

corticostriatal projections can directly impact decisional processes during auditory 

learning (Znamenskiy & Zador, 2013). Learning within the corticostriatal synapses is 

highly specific and finely-tuned to learned stimuli (Xiong, Znamenskiy, & Zador, 2015), 
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suggesting that these synapses are conceptually comparable to the sensory loop as 

discussed in the visual domain. Collectively, work on visual category learning, as well as 

auditory research in non-human animals, propose a role for corticostriatal loops in human 

auditory learning (Lim et al., 2014). A primary goal of this dissertation is to test this 

proposal. To this end, I will focus on a well-studied auditory category learning problem: 

learning non-native speech categories in adulthood.  

A behaviorally relevant example of auditory category learning can be found in the 

domain of speech. Speech sound categories are based on highly variable acoustic cues 

(Diehl, Lotto, & Holt, 2004; Holt & Lotto, 2008, 2010). Per phonetic learning models, 

language experience in infancy can warp the perceptual space to promote efficient 

processing of native categories, enhancing the listener’s sensitivity to the perceptual 

dimension utilized in one’s native language, and conversely reducing it to those not used 

in the native language (Garcia-Lazaro, Ahmed, & Schnupp, 2011; Nakahara, Zhang, & 

Merzenich, 2004; Vallabha, McClelland, Pons, Werker, & Amano, 2007). As a direct 

consequence of the perceptual warping, acquiring non-native speech categories in 

adulthood becomes particularly challenging (Kuhl, Tsao, & Liu, 2003). Laboratory 

training studies clearly demonstrate that this challenge can be overcome; successful 

training paradigms use natural speech stimuli, high-variability training (Perrachione, Lee, 

Ha, & Wong, 2011; Sadakata & McQueen, 2013), and corrective feedback (McCandliss, 

Fiez, Protopapas, Conway, & McClelland, 2002; McClelland, Fiez, & McCandliss, 2002; 

Vallabha et al., 2007). Much of the work on speech category learning has focused on the 

distinctions between synthetic and natural speech learning (Tallal et al., 1997); high 

versus low-variability paradigms (Chandrasekaran, Yi, et al., 2014; Perrachione et al., 

2011). What remains yet unclear is the neural mechanism through which feedback guides 

acquisition of novel speech categories. 
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Speech sound categories are learned better with trial-by-trial feedback, relative to 

unsupervised learning (Goudbeek, Cutler, & Smits, 2008; McCandliss et al., 2002; 

McClelland et al., 2002). The question, then, is the extent to which feedback-driven 

auditory category learning is mediated by the striatum. During speech category learning, 

bilateral head of the caudate nucleus, which has been implicated in the executive loop, 

preferentially responds to trials in which corrective feedback is presented, as well as for 

positive relative to negative feedback (Tricomi, Delgado, McCandliss, McClelland, & 

Fiez, 2006). Ventral striatum, a part of the motivational loop, was not identified in the 

same contrast, a lack of finding that may be attributed to the event-related design used in 

the experiment. The functional magnetic resonance imaging (fMRI) technique is 

designed to record the blood-oxygen-level dependent (BOLD) signal, which has a 

timescale of 4 to 10 seconds. This low temporal resolution places severe constraints on 

the separability of successive events, such as stimulus and feedback. A potential remedy, 

which I have employed here, is to optimally randomize the intervals between the two 

events (i.e., stimulus-to-feedback and feedback-to-stimulus intervals) so that the BOLD 

signal can be reliably separated (Birn, Cox, & Bandettini, 2002; Dale, 1999). 

In the current dissertation, I utilized structural and functional neuroimaging 

methods as well as behavioral category training paradigms to assess the involvement of 

the corticostriatal loops in speech and non-speech auditory category learning. Below, I 

present three experiments that I have conducted to systematically examine the roles of 

multiple corticostriatal loops in auditory category learning. First, structural neuroimaging 

was used to define an auditory sensory loop. Then, the structural integrity of the sensory 

loop was compared with individual variability in speech category learning performance 

(Experiment 1). Second, functional neuroimaging was used to examine recruitment of 
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corticostriatal loops during speech category learning (Experiments 2) and non-speech 

auditory category learning (Experiment 3).  
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THE CURRENT EXPERIMENTS 

Chapter 1: Structural Connectivity between the Auditory Cortex and 
the Striatum Relates to Individual Variability in Speech Category 

Learning 

INTRODUCTION 

The goal of this experiment was to examine the structural connectivity between 

the auditory cortex and the striatum (auditory sensory loop), and to assess the behavioral 

relevance of the structural integrity of auditory sensory loop in a speech category learning 

task. In vision, multiple corticostriatal loops have been posited to serve distinct yet 

partially overlapping roles during category learning (Seger & Miller, 2010). One of these 

loops is the sensory loop, which refers to the extensive many-to-one projections from the 

visual cortex onto the body and tail of the caudate nucleus (Ashby & Ennis, 2006; Seger 

& Miller, 2010). It has been proposed that the convergent nature of the sensory loop, in 

which as many as 10,000 cortical neurons may synapse onto a single striatal neuron 

(Ashby & Ennis, 2006; Wilson, 1995), allows the high resolution for the sensory stimuli 

to be whittled down to a level better suited for categorization (Ashby & Ennis, 2006). 

Following this view, successful category learning is partially contingent on the functional 

involvement of the sensory loop, wherein the continuously varying stimuli are mapped 

onto discrete category representations (Ashby & Maddox, 2005; Ashby & Waldron, 

1999). 

In audition, disruption of structural connectivity of the basal ganglia has been 

linked to speech and language disorders. For instance, basal ganglia lesions have been 

associated with aphasia, where severity increases when combined with cortical lesions 

(Brunner, Kornhuber, Seemüller, Suger, & Wallesch, 1982). Lesions of the white matter 

pathways as well as the gray matter of the striatum induce patterns of aphasia distinct 
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from those induced by cortical lesions (Damasio, Damasio, Rizzo, Varney, & Gersh, 

1982). Beyond aphasia, basal ganglia pathology has been associated with disruption of 

temporal patterns in speech production (Volkmann, Hefter, Lange, & Freund, 1992), and 

functional activation of the striatum has been linked with severity of stuttering (Giraud et 

al., 2008). These findings altogether have contributed to an emerging viewpoint that the 

corticostriatal networks underlie integral elements of speech perception and production 

(Kotz & Schwartze, 2010). However, behavioral relevance of structural connectivity 

between the auditory cortex and the striatum has not been established in humans. Non-

human animal models provide valuable insight into the structural properties of 

corticostriatal connectivity as well as its functional significance in auditory learning. 

Anterograde tracing technique has been used to show the topographic projections 

from superior temporal cortex to the striatum in rhesus monkeys (Yeterian & Pandya, 

1998). In this study, chemical tracers were injected to anatomical subdivisions of the 

superior temporal cortex, which were observed to terminate in various locations within 

the striatum. Tracers injected in the primary auditory cortex terminated in the tail of the 

caudate nucleus and the middle portion of the ventral putamen. The secondary auditory 

cortex terminated in the body and tail of the caudate nucleus, and anterior putamen and 

the posterior portion of the ventral putamen. In comparison, tracing from the anterior, 

middle, and posterior superior temporal cortices exhibited a more diffuse topography in 

the striatum, encompassing the head, body, and tail of the caudate nucleus, as well as the 

anterior-to-posterior and dorsal-to-ventral axes of the putamen (Yeterian & Pandya, 

1998). More fine-grained assessment of superior temporal cortical projections to the 

caudate nucleus in squirrel monkeys, however, has shown that the primary auditory 

cortex does not project to the caudate nucleus. Instead, it is the surrounding areas that 

project to the body and tail, whereas the more lateral superior temporal sulcus shows 



 11 

projections to the head of the caudate nucleus as well (Borgmann & Jürgens, 1999). A 

few inferences can be made from the aforementioned studies. First, animal models 

indicate that there are reliable connections between the superior temporal cortex and the 

striatum (Borgmann & Jürgens, 1999; Yeterian & Pandya, 1998). Second, primary-like 

areas focally project to the body and tail of the caudate nucleus and the ventral putamen 

(Yeterian & Pandya, 1998), whereas the projections from the surrounding areas of the 

superior temporal cortex may extend to the head of the caudate nucleus (Borgmann & 

Jürgens, 1999; Yeterian & Pandya, 1998) and other areas of the putamen (Yeterian & 

Pandya, 1998). Third, significant inter-species differences exist (Borgmann & Jürgens, 

1999; Yeterian & Pandya, 1998), necessitating the need to assess connectivity patterns in 

humans. 

Functionally, corticostriatal synapses have been shown to be critically involved in 

auditory learning in rodents (Xiong et al., 2015; Znamenskiy & Zador, 2013). In one 

study, water-deprived rats were trained to discriminate pure tone clouds of heterogeneous 

frequencies into “high” and “low” tones by pressing one of two buttons (Znamenskiy & 

Zador, 2013). A correct response resulted in presentation of reward in the form of water. 

When single cell firing patterns were examined, auditory cortical as well as striatal 

neurons accurately discriminated the learned tone categories. Furthermore, directly 

exciting corticostriatal neurons resulted in biasing categorization behavior of the rats, in a 

predictable manner (based on the known neural tonotopicity) (Znamenskiy & Zador, 

2013). In a follow-up study, training-induced plasticity was examined in auditory 

corticostriatal synapses (Xiong et al., 2015). Synaptic connectivity was measured by 

directly stimulating corticostriatal neurons and measuring the activity of postsynaptic 

striatal neurons (Malenka & Kocsis, 1988). Before the rats were trained to categorize low 

and high tones, there was little or no change in corticostriatal connectivity. During 
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training, however, the synapses showed increasing connectivity during presentation of 

tones corresponding to the underlying tonotopicity of the targeted synapses. Such 

synaptic plasticity was not observed during visual discrimination learning, suggesting 

that the training-induced corticostriatal plasticity was modality-specific and not reflective 

of domain-general motor learning (Yin et al., 2009). Thus, rodent models suggest that not 

only does corticostriatal connectivity drive category responses during auditory learning 

(Znamenskiy & Zador, 2013), the process of auditory category learning enhances 

corticostriatal connectivity in a manner specific to tonotopicity (i.e., high vs. low pure 

tones) and is specific to the auditory modality (Xiong et al., 2015). 

The aims of the current experiment were twofold. The first aim was to establish 

structural connectivity between the auditory cortex and the striatum in humans. Non-

human primate models have shown the existence of superior temporal cortical projections 

to the striatum; the primary auditory cortex projects to the tail of the caudate nucleus and 

middle ventral putamen, whereas the secondary auditory cortex projects to the body and 

tail of the caudate nucleus and the anterior and posterior portions of the putamen 

(Borgmann & Jürgens, 1999; Yeterian & Pandya, 1998). In this experiment, I used the 

diffusion tensor imaging (DTI) to estimate the most robust structural connections 

between the auditory cortex and the striatum (Lehéricy et al., 2004). Diffusion tensor 

imaging is a neuroimaging technique that is used to estimate the white matter pathways in 

the brain. DTI data collection and analysis involve calculation of diffusivity in each 

spatial sampling point (“voxel”) and in the x-, y-, and z-axes (Beaulieu, 2002). By 

combining these values across the axes and voxels, it is possible to probabilistically 

estimate the shape and integrity of white matter fiber bundles (Assaf & Pasternak, 2008; 

Behrens, Berg, Jbabdi, Rushworth, & Woolrich, 2007). A few major limitations of the 

DTI method should be clarified. First, DTI may estimate the orientation of fibers, but not 
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their directionality (e.g., afferent versus efferent) (Assaf & Pasternak, 2008). Second, the 

voxel-by-voxel anisotropy estimation approach implies that crossing fibers cannot be 

easily resolved (Oouchi et al., 2007). Third, the spatial resolution utilized in the current 

experiment (2 x 2 x 2 mm3) is unlikely to be able to reliably image the tail of the caudate 

nucleus (Seger, 2013). The second aim was to examine the functional relevance of the 

corticostriatal connectivity in audition. More specifically, I focused on the relationship 

between structural integrity of the auditory corticostriatal connectivity and individual 

variability in speech category learning. Speech categories are based on acoustic variations 

that are highly variable and multidimensional (Hillenbrand, Getty, Clark, & Wheeler, 

1995; Holt & Lotto, 2008, 2010; Vallabha et al., 2007). Non-native speech categories are 

not easily learned in adulthood (Iverson et al., 2003), but learning performance can be 

enhanced using corrective feedback (Goudbeek et al., 2008; McCandliss et al., 2002; 

Norris, McQueen, & Cutler, 2003). In vision, it has been proposed that the corticostriatal 

projections from the sensory cortex to the striatum (“sensory loop”) reduce the 

complexity of the sensory information to a level optimal for categorization (Ashby & 

Ennis, 2006; Seger & Miller, 2010). Inspired by rodent models which have shown that 

plasticity of corticostriatal synapses drive reward-driven auditory learning (Xiong et al., 

2015; Znamenskiy & Zador, 2013), I hypothesized that the structural integrity of the 

connectivity between the auditory cortex and the striatum (“auditory sensory loop”) will 

predict individual variability in speech category learning performance. 

MATERIALS AND METHODS 

Participants 

Young adults (N = 38; 30 females; ages 18 to 35; mean age = 21.6, SD = 3.5) 

were recruited for a large-scale multi-session research project from the greater Austin 
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community. Potential participants were excluded if they reported major psychiatric 

conditions, neurological disorders, hearing disorders, head trauma, or use of psychoactive 

medication. A subset of these participants attended a magnetic resonance imaging session 

(N = 30; 25 females; ages 18 to 32; mean age = 21.8, SD = 3.7), comprising the dataset 

reported in the current study. All participants were native speakers of English, according 

to an abridged form of LEAP-Q (Marian, Blumenfeld, & Kaushanskaya, 2007). All 

participants underwent audiological screening using pure-tone audiometry and exhibited 

hearing thresholds of less than 25 dB hearing level at frequencies between 250 and 8,000 

Hz across octave steps. Potential participants were excluded if they reported a history of 

neurological or psychological disorders or ongoing intake of psychogenic medications. 

All participants were monetarily compensated. All materials and methods were approved 

by the Institutional Review Board of the University of Texas at Austin. All participants 

provided written informed consent before their participation in this study. 

Stimuli 

Natural exemplars (N = 40) of the 4 Mandarin tones (high-flat, low-rising, high-

falling, low-dipping) were produced in citation form by 2 native Mandarin speakers (1 

female) in the context of 5 monosyllabic Mandarin Chinese words (/bu/, /di/, /lu/, /ma/, 

/mi/). The stimuli were normalized for RMS amplitude of 70 dB SPL and duration of 442 

ms (Perrachione et al., 2011). Five independent native speakers correctly identified the 

four tones (> 95%) and rated the stimuli as highly natural. 

Training Procedures 

Participants were placed in an MR scanner. All auditory stimuli were presented 

through circumaural headphones. All visual stimuli were presented via an in-scanner 

projector visible using a mirror attached to the head coil. Participants were equipped with 
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a 2-button response box in each hand. The experiment consisted of 6 contiguous scans or 

“learning blocks.” Before each block, participants were instructed to attend to the fixation 

cross on the screen. On each trial, an auditory stimulus was presented, and the 

participants were instructed to categorize the sound into 1 of 4 categories. Corrective 

feedback ("RIGHT" versus "WRONG") was displayed for 750 ms after the response.  If 

the participant failed to respond within 2 s, cautionary feedback was presented ("TIME"). 

Each stimulus was presented once within each block. The presentation order of the 

stimuli was pseudorandomized into a sequence common for all participants but different 

across learning blocks. 

Imaging Parameters 

The participants were scanned using the Siemens Magnetom Skyra 3T MRI 

scanner at the Imaging Research Center of the University of Texas at Austin. Whole-

brain T1-weighted anatomical images were obtained via MPRAGE sequence (repetition 

time = 2.53 s; echo time = 3.37 ms; field of view = 25 cm; 256 x 256 matrix; 1 x 1 mm 

voxels; 176 axial slices; slice thickness = 1 mm; distance factor = 0%). Diffusion-

weighted anatomical images were obtained using the following parameters: repetition 

time = 8.3 s; echo time = 84 ms; field of view = 256 x 256 mm; 128 x 128 matrix; 64 

axial slices; slice thickness = 2 mm; distance factor = 0%; b = 700 s/mm2 in 64 directions. 

Neuroimaging Analyses 

Diffusion-weighted images were corrected for eddy current (Behrens et al., 2007; 

Behrens et al., 2003), and then brain-extracted using BET (Smith et al., 2004). The 

preprocessed images were registered first to the native structural space, then to the 

MNI152 T1 2mm template using ANTs (Schwarz et al., 2014). Fractional anisotropy 

images were created by performing DTIFIT on the preprocessed images (Behrens et al., 
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2007; Behrens et al., 2003). Finally, BEDPOSTX was performed to build diffusion 

parameters distributions (Behrens et al., 2007; Behrens et al., 2003). Probabilistic 

tracking was performed with auditory cortex as the seed, and the putamen and the 

caudate nucleus as the waypoint targets. The left auditory cortex was defined per the 

Harvard-Oxford Cortical (Heschl’s gyrus; threshold = 50%). The putamen and the 

caudate nucleus in the left hemisphere were defined using the Harvard-Oxford 

Subcortical Atlas (threshold = 50%) (Frazier et al., 2005; Goldstein et al., 2007). The 

following parameters were used: 50,000 samples; curvature threshold = 0.2; maximum 

number of steps = 2,000; step length = 0.5 mm (Behrens et al., 2007; Behrens et al., 

2003). I used an individual threshold of top 5% voxels, with a group-level threshold of 

95%. Mean fractional anisotropy (FA) values for each participant were calculated within 

these group-wise maps that were registered to the native diffusion space. 

Linking Learning Outcomes to Structural Pathways 

To examine the link between structural connectivity and learning outcomes, 

following procedures were conducted. First, each participant was assigned to a higher- or 

lower-than-median group for each of the two pathways (auditory cortex and the caudate 

nucleus; auditory cortex and the putamen). Then, a logistic mixed-effects analysis was 

conducted with the trial-by-trial accuracy (correct vs. incorrect; reference = incorrect) 

during category training as the dependent variable. The fixed effects included the FA 

group (high vs. low; reference = low), block number (from 1 to 6), and their interaction 

term. Each model was corrected for the by-subject random slopes for each block. 

Separate analyses were conducted for each pathway. Data from one subject were 

excluded due to lack of responses in the first learning block. 
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RESULTS 

Estimated Corticostriatal Pathways 

The two pathways were thresholded for the top 5% voxels in individual 

participants and then subjected to the group threshold of 95% of the participants (Darki & 

Klingberg, 2014). The cortex-to-caudate pathway included the inferior longitudinal 

fasciculus in the lateral portion, and the thalamic radiation in the medial portion (Figure 

1a). Ad hoc analysis of the voxels within the caudate nucleus that were implicated in 

probabilistic tracking suggested that the majority of the pathways terminated on the body 

of the caudate nucleus (Figure 1b). The cortex-to-putamen pathway included the external 

capsule in the lateral portion and the internal capsule in the medial portion (Figure 1c). 

Visualization of the voxels within the caudate nucleus that were implicated in 

probabilistic tracking suggested that the majority of the pathways were contingent on the 

ventral-posterior portion of the putamen (Figure 1d). 

 

Figure 1: Probabilistic tracking results between the auditory cortex and the striatum. 
The cortex-to-caudate pathway included (a) the inferior longitudinal 
fasciculus and the thalamic radiations, (b) implicating the body of the 
caudate nucleus. The cortex-to-putamen pathway included (c) the interior 
and external capsules, (c) implicating the ventral-posterior portion of the 
putamen. 
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Learning Outcome 

In the initial block, the mean accuracy across the participants (N = 29) was 23% 

(SD = 8%). In the sixth and final block, the mean accuracy was 42% (SD = 24%). A 

paired t-test suggested that final block accuracy was significantly higher than initial block 

accuracy, t(28) = -4.741, p < 0.0001. Initial block accuracy was positively correlated with 

final block accuracy, r(27) = 0.469, p = 0.010. A mixed effects modeling analysis was 

conducted to assess learning across blocks (Bates, Maechler, Bolker, & Walker, 2014). 

The dependent variable was trial-by-trial accuracy (correct vs. incorrect). The fixed effect 

was the block number (1, 2, 3, 4, 5, and 6). The model was corrected for by-subject 

random slopes for blocks. The block effect was significant, b = 0.187, SE = 0.051, z = 

3.669, p = 0.00024, suggesting that accuracy increased across blocks. The intercept was 

significant, b= -1.237, SE = 0.086, z = -14.330, p < 0.0001. 

Learning Outcome and Structural Connectivity 

The mean FA in the caudate pathway was 0.38 (SD = 0.04; median = 0.39). The 

mean FA in the putamen pathway was 0.33 (SD = 0.04; median = 0.33). A mixed effects 

modeling analysis was conducted to assess the relationship between the structural 

connectivity patterns and the learning success (Bates et al., 2014). The dependent 

variable was trial-by-trial accuracy (correct vs. incorrect). The fixed effects included the 

block number (1, 2, 3, 4, 5, and 6), the FA group for each of the two corticostriatal 

pathways, and their interaction term. Participants with high structural connectivity 

between the auditory cortex and the caudate nucleus were more likely to produce correct 

responses than were those with low structural connectivity, b = 0.309, SE = 0.126, z = 

2.448, p = 0.014 (Figure 2a). The block effect was marginally significant, b = 0.127, SE = 

0.067, z = 1.899, p = 0.058, showing a trend in which accuracy improved over each 

successive block. The group by block interaction effect was not significant, b= 0.122, SE 
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= 0.097, z = 1.267, p = 0.21. The intercept was significant, b = -1.380, SE = 0.090, z = -

15.358, p < 0.0001. Similar results were not found in a separate analysis concerning the 

cortex-to-putamen pathway. There were no reliable differences across the high and low 

FA groups, b = 0.225, SE = 0.167, z = 1.347, p = 0.18 (Figure 2b). Across blocks, the 

accuracy increased, b = 0.208, SE = 0.069, z = 2.988, p = 0.0028. The block by group 

interaction effect was not significant, b = -0.046, SE = 0.101, z = -0.460, p = 0.646. The 

intercept was significant, b = -1.342, SE = 0.115, z = -11.643, p < 0.0001. 

 

Figure 2:  (a) Structural connectivity within the cortex-to-caudate pathway was 
positively related to learning success. (b) Structural connectivity within the 
cortex-to-putamen pathway was not related to learning success. 

DISCUSSION 

The goals of this experiment were twofold. The first was to establish the presence 

of structural connections between the human auditory cortex and the striatum. The 

second was to examine the behavioral relevance of the structural integrity of 

corticostriatal connections in speech category learning. In the following paragraphs, I 

summarize the findings from the current experiment and discuss their theoretical 

implications in the light of pre-existing literature in speech category learning. 
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Probabilistic tracking of corticostriatal pathways showed that the auditory cortex 

is structurally connected to the body of the caudate nucleus and the posterior portion of 

the ventral putamen. In non-human primate models, tracing studies have shown that the 

primary and secondary auditory cortices project to the body and tail of the caudate 

nucleus (Borgmann & Jürgens, 1999; Yeterian & Pandya, 1998), and the middle portion 

of the ventral putamen (Yeterian & Pandya, 1998). The current results therefore show 

that human corticostriatal connectivity in audition is comparable to those in primate 

models, although, due to the spatial resolution of the DTI approach, connectivity with the 

tail of the caudate nucleus could not be examined (Seger, 2013). Furthermore, using the 

probabilistic tracking paradigm allowed an estimation of the morphology of the purported 

corticostriatal pathways. The cortex-to-caudate pathway included the inferior longitudinal 

fasciculus and thalamic radiations, whereas the cortex-to-putamen pathway included the 

external and internal capsules. The heterogeneous morphology of corticostriatal 

connectivity has not been systematically examined.  

Anatomical properties of the corticostriatal projections may be of great interest in 

the field of speech language disorders. Lesions of corticocortical pathways have been 

linked to distinct types of speech language disorders, implicating semantic, syntactic, 

motor, and phonological processes (Chang, Raygor, & Berger, 2015). These dissociations 

theoretically emerge from the purported dual streams hypothesis of cortical speech 

processing (Hickok & Poeppel, 2007; Rauschecker & Scott, 2009). However, this 

perspective exclusively focuses on the cerebral cortex. This corticocentric standpoint is 

problematic in the light of diverse manifestations of speech-language dysfunction linked 

to lesions in the basal ganglia (Brunner et al., 1982; Damasio et al., 1982; Giraud et al., 

2008; Volkmann et al., 1992). It is hoped that future research increases its focus on using 
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DTI to establish more comprehensive understanding of the relationship between 

corticostriatal connectivity and speech language disorders. 

Per the second aim of the current experiment, the results show that structural 

integrity of the cortex-to-caudate pathway was associated with individual variability in 

speech category learning. In contrast, the integrity of the cortex-to-putamen pathway was 

not associated with learning performance. Prior studies have linked structural 

connectivity with individual variability in speech learning performance. For instance, the 

density of the white matter surrounding the primary auditory cortex is linked to the 

individual variability in the learning rate for non-native phonemic discrimination 

(Golestani, Molko, Dehaene, LeBihan, & Pallier, 2007). Individual differences in non-

native lexical learning (sound-to-word mapping) performance have been linked to the 

across-subject variability in structural integrity of the inferior longitudinal fasciculus and 

the external capsule (Wong, Chandrasekaran, Garibaldi, & Wong, 2011) as well as the 

arcuate fasciculus (López-Barroso et al., 2013). To my knowledge, the current 

experiment is the first non-invasive structural neuroimaging study to show the link 

between structural connectivity of cortical and subcortical structures and speech learning 

performance. These results carry practical as well as theoretical significance. First, DTI 

provides a structural snapshot of the brain that can be acquired in a non-invasive, task-

free, and in a relative short time framer. This implies a promising avenue of developing 

objective, structural, and reliable neural metrics that can be predictive of future learning 

success. Second, examining the link between corticostriatal connectivity and speech 

category learning extends groundbreaking findings from animal models to humans, 

where compelling evidence of bidirectional influences between behavioral learning and 

auditory-striatal plasticity (Xiong et al., 2015; Znamenskiy & Zador, 2013). Future 

studies should further explore the potentially dynamic relationship between the structural 
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connectivity of the brain and speech category learning to advance our understanding of 

the neural underpinnings of speech processing. The major limitations of the current 

experiment arise from the methodological constraints of DTI. First, the voxel size of 2 x 

2 x 2 mm3 is not fine-grained enough to resolve structural details in the tail of the caudate 

nucleus (Seger, 2013). This limitation, while certainly not exclusive to the current 

experiment (Seger, 2013), is a significant matter given the proposed role of the tail of the 

caudate nucleus in corticostriatal loops (Ashby & Ennis, 2006; Ashby & Maddox, 2005, 

2011; Seger, 2008; Seger & Miller, 2010) as well as its implication in tracing studies 

(Borgmann & Jürgens, 1999; Yeterian & Pandya, 1998). Second, directionality of the 

fibers cannot be explicitly interpreted from the DTI data (Assaf & Pasternak, 2008). In 

the context of the current experiment, this means that direct inference cannot be made 

regarding whether the pathways are cortical efferents or afferents. A partial remedy to 

this problem is to leverage the known anatomy of corticostriatal connectivity, wherein 

striataofugal pathways that serve as cortical afferents obligatorily pass through the globus 

pallidus (Parent & Hazrati, 1995). A follow-up analysis that identifies pathways that 

include or do not include the globus pallidus could be conducted to further delineate the 

directionality of corticostriatal connectivity (Behrens et al., 2007). 
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Chapter 2: Functional Involvement of Corticostriatal Regions in 
Feedback-driven Speech Category Learning 

Contents of this chapter is published in the following peer-reviewed journal 

article: Yi, H. G., Maddox, W. T., Mumford, J. A., & Chandrasekaran, B. (2014). The 

role of corticostriatal systems in speech category learning. Cerebral Cortex. 

INTRODUCTION 

Acquisition of non-native speech categories is a challenging cognitive task in 

adulthood (Iverson et al., 2003). This difficulty is posited to arise from high variability 

and multidimensional nature of speech categories (Hillenbrand et al., 1995; Holt & Lotto, 

2008, 2010; Vallabha et al., 2007). Previous behavioral studies have shown that 

providing trial-by-trial response-generated corrective feedback significantly enhances 

learning performance (Goudbeek et al., 2008; McCandliss et al., 2002; Norris et al., 

2003). Little is known about the neural correlates of feedback-driven speech category 

learning (Holt & Lotto, 2008, 2010). 

Outside the domain of speech, category learning research in vision has suggested 

that there are at least two neural systems that underlie category learning: the reflective 

and reflexive systems (Ashby & Alfonso-Reese, 1998; Ashby & Ennis, 2006; Nomura et 

al., 2007; Poldrack & Packard, 2003; Seger & Miller, 2010). The reflective system is 

driven by analytical processing of the perceptual space based on the contents of feedback 

(Maddox & Ashby, 2004). Neurally, the reflective system has been linked to the activity 

of the corticostriatal executive loop, including the dorsolateral prefrontal cortex, head of 

the caudate nucleus, and the anterior cingulate cortex (Ashby & Maddox, 2005, 2011; 

Seger & Miller, 2010). In contrast, the reflexive system is driven by association 

perceptual regions with behavioral responses that led to maximization of reward 
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(Chandrasekaran, Koslov, et al., 2014; Maddox & Chandrasekaran, 2014). Neurally, the 

reflexive system has been posited to rely on the many-to-one mapping from the cortex to 

the striatum via the sensory loop, and strengthening associations between perceptual 

regions to category representations in the motor cortex via the putamen-mediated motor 

loop (Seger & Miller, 2010). The reward value of feedback, in comparison, is posited to 

be processed via the motivational loop that encompasses the ventral striatum and the 

orbitofrontal cortex (Seger & Miller, 2010).  

In the current study, we examined the hypothesis that optimal speech category 

learning is mediated by the neural circuitry underlying the reflexive learning system. We 

hypothesized that reflective learning of speech categories is difficult due to the 

multidimensional nature and high variability of speech categories. In addition, 

dimensions underlying speech categories are integral and often difficult to verbalize 

(Hillenbrand et al., 1995; Holt & Lotto, 2008, 2010; Lisker, 1986; Vallabha et al., 2007). 

When the mode of stimulus presentation and the nature of the trial-by-trial feedback were 

manipulated in a study examining speech learning (Chandrasekaran, Yi, et al., 2014), 

learning was enhanced under conditions that were previously shown to augment reflexive 

learning in the visual domain (Maddox, Ashby, & Bohil, 2003; Maddox, Love, Glass, & 

Filoteo, 2008). 

This experiment was conducted to examine the involvement of multiple 

corticostriatal loops during feedback-driven speech category learning. The corticostriatal 

theory of perceptual category learning in the visual domain posits that there are four main 

corticostriatal loops that serve dissociable, yet interdependent roles during feedback-

driven category learning (Seger, 2006, 2008; Seger & Cincotta, 2005; Seger & Miller, 

2010). The sensory loop, which includes the body and tail of the caudate nucleus and the 

visual cortex, parses the perceptual information of the stimulus. The executive loop, 
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which includes the head of the caudate nucleus, dorsolateral prefrontal cortex, and the 

anterior cingulate cortex, engages in the executive processing of the perceptual space, 

forming verbalizable rules regarding the category structure. The motivational loop, which 

includes the ventral striatum and the orbitofrontal cortex, is sensitive to the reward value 

in corrective feedback. Finally, the motor loop, including the putamen and the motor 

cortex, is engaged in mapping learned responses onto category representations in the 

motor cortex (Seger & Miller, 2010).  

In the current study, I examined the hypothesis that the corticostriatal loops are 

meaningfully engaged during feedback-driven speech category learning. It had been 

shown that the caudate nucleus is sensitive to the presence and valence of feedback in a 

given trial during speech category learning (Tricomi et al., 2006). This study, however, 

had not employed a design in which stimulus- and feedback-related activity could be 

separably estimated from each other, limiting the extent of inferences to be drawn from 

the results. Therefore, the central focus of this experiment was to independently monitor 

functional activation during the two epochs of learning: stimulus presentation and 

feedback processing, using optimized stimulus-to-feedback and feedback-to-stimulus 

intervals (Birn et al., 2002; Dale, 1999). Adult native speakers of English (N = 23) 

learned novel speech categories while blood oxygen level-dependent (BOLD) responses 

were collected. Participants made a category response to each stimulus, which resulted in 

positive or negative feedback. Neural activation during stimulus presentation and 

feedback processing were separately estimated using an optimized rapid event-related 

design. 
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MATERIALS AND METHODS 

Participants 

Native speakers of American English (age: 18-35; n = 25; 14 females) were 

recruited from the University of Texas at Austin community. Participants self-reported as 

being right-handed and passed a hearing screening examination (pure tone thresholds less 

than 25 dB HL at 1, 2, and 4 kHz). Participants reported no prior exposure to a tonal 

language (Marian et al., 2007). Potential participants were excluded if they reported 

major psychiatric conditions, neurological disorders, hearing disorders, head trauma, or 

use of psychoactive drugs or psychotropic medication. Data from 2 male participants 

were excluded from all analyses due to file corruption or an incidental finding on the 

structural scan. The University of Texas at Austin IRB approved the experimental 

protocol. 

Stimuli 

Stimuli used in the current experiment were identical to those used in Experiment 

1. 

Training Procedures 

Participants were placed in an MR scanner. All auditory stimuli were presented 

through circumaural headphones. All visual stimuli were presented via an in-scanner 

projector visible using a mirror attached to the head coil. Participants were equipped with 

a 2-button response box in each hand. The experiment consisted of 6 contiguous scans or 

"learning blocks." Before each block, participants were instructed to attend to the fixation 

cross on the screen. On each trial, an auditory stimulus was presented, and the 

participants were instructed to categorize the sound into 1 of 4 categories. Corrective 

feedback ("RIGHT" versus "WRONG") was displayed for 750 ms after the response.  If 
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the participant failed to respond within 2 s, cautionary feedback was presented ("TIME"). 

In order to separably estimate stimulus- and feedback-evoked activity, the stimulus-to-

feedback and feedback-to-stimulus intervals were pooled from random samples from a 

uniform distribution (stimulus-to-feedback: 2-4 s; feedback-to-stimulus: 1-3 s; Figure 3) 

(Birn et al., 2002; Dale, 1999; Liu, Frank, Wong, & Buxton, 2001). Each stimulus was 

presented once within each block. The presentation order of the stimuli was 

pseudorandomized into a sequence common for all participants but different across 

learning blocks. 

 

Figure 3: Schematic of a single trial in the feedback-driven category training 
paradigm. A stimulus is presented, followed by a prompt for a category 
response (1, 2, 3, or 4). After a randomized interval (2 to 4 s; value sampled 
from a uniform distribution), corrective feedback is displayed for 750 ms. 
After the feedback, a fixation cross is displayed for a randomized duration 
(1 to 3 s). 

Imaging Parameters 

The participants were scanned using the Siemens Magnetom Skyra 3T MRI 

scanner at the Imaging Research Center of the University of Texas at Austin. High-
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resolution whole-brain T1-weighted anatomical images were obtained via MPRAGE 

sequence (repetition time = 2.53 s; echo time = 3.37 ms; field of view = 25 cm; 256 x 256 

matrix; 1 x 1 mm voxels; 176 axial slices; slice thickness = 1 mm; distance factor = 0%). 

T2*-weighted whole-brain blood oxygen level-dependent (BOLD) images were obtained 

using a gradient-echo multi-band EPI pulse sequence (flip angle = 60А; repetition time = 

1.8 s; 166 repetitions; echo time = 30 ms; field of view = 25 cm; 128 x 128 matrix; 2 x 2 

mm voxels; 36 axial slices; slice thickness = 2 mm; distance factor = 50%) using 

GRAPPA with an acceleration factor of 2. 

Behavioral Analyses 

Each participant's response on each trial was coded as "correct" or "incorrect." 

The log odds of producing a correct response in each learning block was estimated using 

mixed effects logistic regression analysis (Bates et al., 2014). The fixed effect of interest 

was the number of the blocks (1-6) mean-centered to 0. The model was corrected for by-

participant random slopes for each block and the random intercept for each block. 

Neuroimaging Analyses 

Preprocessing 

fMRI data were analyzed using FMRIB's Software Library Version 5.0 

(Jenkinson, Beckmann, Behrens, Woolrich, & Smith, 2012; Smith et al., 2004; Woolrich 

et al., 2009). BOLD images were motion corrected using MCFLIRT (Jenkinson, 

Bannister, Brady, & Smith, 2002). All images were brain-extracted using BET 

(Jenkinson, Pechaud, & Smith, 2005). Registration to the high-resolution anatomical 

image (df = 6) and the MNI 152 template was conducted using FLIRT (Jenkinson et al., 

2002). Six separate block-wise first-level analyses were run within each participant. The 

following preprocessing procedures were applied: spatial smoothing using a Gaussian 
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kernel (FWHM = 5 mm); grand-mean intensity normalization of the entire 4D dataset by 

a single multiplicative factor; high-pass temporal filtering (Gaussian-weighted least-

squares straight line fitting; sigma = 50.0 s). Each event was modeled as an impulse 

convolved with a canonical double-gamma hemodynamic response function (phase = 0 

s). Motion estimates were modeled as nuisance covariates. A temporal derivative of each 

event regressor, including the motion estimates, was added. Time-series statistical 

analysis was carried out using FILM with local autocorrelation correction (Smith et al., 

2004). The events of interest were stimulus, response, and feedback, which were further 

subdivided according to the accuracy valence: correct, incorrect, and missed. The missed 

trials were treated as nuisance variables. A temporal derivative of each event regressor, 

including the motion estimates, was added. Time-series statistical analysis was carried 

out using FILM with local autocorrelation correction (Smith et al., 2004). The events of 

interest were (1) [stimulus + response] and (2) [feedback], which were further subdivided 

according to the accuracy valence: correct, incorrect, and missed. The missed trials were 

treated as nuisance variables, and hence not considered in any contrasts of interest.  

Whole Brain Analysis 

First-level analysis results were committed to second-level analysis using fixed 

effects with three regressors: group average, mean-centered block numbering, and mean-

centered accuracy per block per participant. The latter two regressors were included as 

nuisance variables to counteract systematic trends in the data across multiple blocks. 

Third-level group analysis was performed for each contrast using FLAME1 (Woolrich et 

al., 2009). The poststatistical analysis was performed using the function randomise in 

FSL to run permutation tests (n = 50,000) for the GLM and yield in threshold-free cluster 

enhancement (TFCE) estimates of statistical significance (Winkler, Ridgway, Webster, 
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Smith, & Nichols, 2014). Finally, to assess the activation patterns associated with optimal 

learning, the first-level analysis from the final block was committed to a second-level 

analysis with two regressors of group average and mean-centered accuracy for the final 

block. 

RESULTS 

Behavioral Results 

Accuracy 

The average performance for the initial block was 23% (SD = 9%), close to the 

chance level of 25%. By the final block, average performance was 54% (SD = 27; Figure 

4). A mixed effects analysis was conducted to assess the learning progress. The 

dependent variable was trial-by-trial accuracy (correct vs. incorrect), and the fixed effect 

was the mean-centered block number. The intercept was not significant, b = -0.16, 

standard error (SE) = 0.23, z = -0.72, p = 0.47. The effect of the mean-centered block 

number was significant, b = 0.32, SE = 0.70 z = 4.61, P < 0.0001, indicating an overall 

learning effect across blocks. 

 

Figure 4: Behavioral training outcome for all participants (N = 23). Across the six 
learning blocks (x-axis), categorization accuracy (y-axis) increased. 
Statistical analysis supported the presence of reliable learning across time. 
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Whole-brain Analysis 

Stimulus 

Three t-tests were considered: [correct + incorrect], [correct - incorrect], and 

[incorrect - correct]. Only the [correct + incorrect] and [correct - incorrect] contrasts 

yielded significant activation across the brain. Averaging across the accuracy valence 

(correct + incorrect), stimulus presentation was found to elicit activation in the bilateral 

Heschl's gyri, planum temporales, and the posterior superior temporal gyri concurrent 

with the auditory nature of the task. Activation for correct trials was higher than for 

incorrect trials in the right planum temporale and the insular cortex, and the left pre- and 

postcentral cortices [correct - incorrect]. Also, the right inferior parietal lobule was shown 

to be sensitive to accurate categorization (Figure 5), consistent with its proposed role as 

the sensorimotor interface between auditory processing and articulatory mapping in an 

influential dual-stream model of speech processing (Hickok & Poeppel, 2007). 

 

Figure 5: Functional activation map during stimulus [correct - incorrect] processing. 
Clusters displayed have passed the family-wise error corrected p-value 
threshold of 0.05. Activation is observed neighboring the left central gyrus, 
right planum temporale (PT), right insula, and the right inferior parietal 
lobule (IPL). Adapted from H.-G. Yi, Maddox, Mumford, and 
Chandrasekaran (2014). 
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Feedback 

Three t-tests were considered: [correct + incorrect], [correct - incorrect], and 

[incorrect - correct]. Only the [correct - incorrect] contrast yielded significant activation 

across the brain. The ventral striatum including the nucleus accumbens was activated, as 

well as the anterior cingulate cortex. These two areas form a part of the motivational loop 

that processes reward value in feedback, which is greater in positive than negative 

feedback. The left dorsolateral prefrontal cortex and the left head of caudate were 

activated, which are parts of the executive loop that form the basic circuitry underlying 

reflective learning. The bilateral putamen were activated, which are involved in the 

categorization process via the connection to the motor regions (Seger, 2008; Seger & 

Miller, 2010). Finally, the left middle temporal gyrus was activated (Figure 6). During 

feedback processing, there was no meaningful auditory stimulus to be processed, and the 

level of auditory sensory input was identical across positive and negative feedback. 

Therefore, the activation in the superior temporal area as well as the inferior parietal 

lobule was presumably not driven by the auditory stimulus alone but reflects the 

feedback-driven strengthening of stimulus-to-response/category association (Weil et al., 

2010). 
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Figure 6: Functional activation map during feedback [correct - incorrect] processing. 
Clusters displayed have passed the family-wise error corrected p-value 
threshold of 0.05. Activation is observed in the left dorsolateral prefrontal 
cortex (DLPFC), inferior parietal lobule (IPL), middle temporal gyrus 
(MTG), anterior cingulate cortex (ACC), and the striatum (caudate, 
putamen, and the ventral striatum). Adapted from H.-G. Yi et al. (2014). 

DISCUSSION 

The goal of this experiment was to examine the neural mechanisms underlying 

nonnative speech category learning in adults. While speech learning has been mostly 

viewed as a perceptually encapsulated process in previous research, our findings 

represent an important conceptual advance in understanding the neurobiological basis of 

domain-general learning systems during speech processing. 

During stimulus perception, individual variability in learning performance was 

associated with the involvement of the corticostriatal motor loop. In the visual category 

learning literature, the relative dominance of the reflective and reflexive learning systems 

is dependent on the stage of learning. Early learning is dominated by the executive, 

reflective learning system (Smith et al. 2012a; 2012b), but later stages of learning are 

associated with increased automaticity and putamen activation (Haruno and Kawato 

2006; Williams and Eskandar 2006; Seger 2009). Positive feedback, relative to negative 

feedback, activated several functional loops within the corticostriatal system. These 
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included the ventral striatum, a part of the motivational loop, which is critical in 

processing the reward value during corrective feedback (Seger, 2008; Seger & Miller, 

2010). In addition, the DLPFC, anterior cingulate, and the putamen were more active 

during positive feedback. The DLPFC and the anterior cingulate are key components of 

the executive loop, which is involved in the explicit processing of trial feedback (Seger, 

2008; Seger & Miller, 2010). These areas have been found to be more active on correct 

categorization trials during visual learning (Seger, Peterson, Cincotta, Lopez-Paniagua, & 

Anderson, 2010). In addition to the executive and motivational loops, positive feedback 

also increased the activation in the putamen. The putamen, considered a part of the 

corticostriatal motor loop (Seger, 2008; Seger & Miller, 2010), is involved in the 

selection of appropriate motor responses based on prior experience. Studies have shown 

that changing the button-to-category associations interfere with reflexive learning but not 

with reflective learning (Ashby, Ell, & Waldron, 2003; Spiering & Ashby, 2008). 

Putamen has been shown to be integral to reflexive learning of visual categories 

(Waldschmidt & Ashby, 2011). The involvement of the motivational, executive, and 

motor loops is consistent with the predictions from the visual category learning literature. 

Overall, these results demonstrate a functional role for domain-general corticostriatal 

category learning systems in speech learning. During feedback processing, the ventral 

striatum responds to the reward value in positive feedback, the DLPFC and the anterior 

cingulate cortex generate and select rules based on the content of feedback, and the 

putamen is activated to transform stimuli representations onto category responses. 

Outside the corticostriatal category learning areas, particularly noteworthy is the 

activation of the speech-related auditory areas including the left superior temporal sulcus 

/ middle temporal gyrus. Feedback was presented in the visual modality, and the level of 

sensory auditory stimulation did not vary across positive and negative feedback. Similar 
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positive feedback-driven activation in sensory regions has been previously reported in the 

visual domain when the feedback was presented in the auditory domain (Weil et al., 

2010). The activation of the visual cortex during positive feedback has been interpreted 

as evidence for the modulation of early sensory regions by the reward processing 

network. Indeed, we can interpret our results within this framework. The left STS/MTG 

regions have been shown to be important for auditory speech processing (Hickok & 

Poeppel, 2007; Rauschecker & Scott, 2009). Activation of these regions during positive 

feedback may reflect a strengthening of the sensory representation of the rewarded 

stimulus, driven by the reward processing network.  

Positive feedback also activated the inferior parietal lobule, which is presumed to 

be an integral part of the phonological network (Hickok & Poeppel, 2007). The IPL has 

been previously conceptualized as a temporary buffer in phonological working memory 

(Koelsch et al. 2009), especially regarding comparison and decision making (Strand, 

Forssberg, Klingberg, & Norrelgen, 2008). The auditory input is only available in the 

form of sensory memory trace during feedback presentation (Haenschel, Vernon, 

Dwivedi, Gruzelier, & Baldeweg, 2005; Sams, Hari, Rif, & Knuutila, 1993). Thus, the 

IPL activation during positive feedback may reflect the mapping of stored representation 

of the auditory stimulus onto the phonological categories (Buchsbaum & D'Esposito, 

2008; McGettigan et al., 2011). Since negative feedback does not directly provide 

stimulus-to-category information, we hypothesize that the IPL is less active during 

negative feedback condition. Thus positive feedback engages the reward processing 

network and may provide the critical learning signal for stimulus-to-category mapping 

within the IPL. 

Category learning plays a vital function in human cognition. Speech category 

learning in adulthood is difficult, but feedback-dependent training can lead to successful 
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speech categorization. In the current experiment I examined the neural correlates of 

feedback-dependent speech categorization. Considering the complexity of speech 

categories, it was hypothesized that optimal speech category learning would be associated 

with the reflexive system. Positive feedback was associated with increased activation in 

reflective and reflexive circuitries. In addition, positive feedback also activated the 

ventral striatum, a key component of the motivational loop, as well as several regions 

associated with auditory and speech processing. These results altogether reveal that 

successful speech category learning is critically dependent on domain-general 

corticostriatal learning systems. 
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Chapter 3: Functional Involvement of Corticostriatal Regions in Non-
speech Auditory Category Learning 

Parts of this chapter had been previously published in the following peer-

reviewed journal article: Yi, H. G., & Chandrasekaran, B. (2016). Auditory categories 

with separable decision boundaries are learned faster with full feedback than with 

minimal feedback. The Journal of the Acoustical Society of America, 140(2), 1332-1335. 

INTRODUCTION 

In experiments 1 and 2 I examined the role of corticostriatal circuitry in learning 

speech categories. Experiment 3 will focus on the acquisition of experimenter-

constrained non-speech category structures that are structured to dissociate reflective and 

reflexive learning. These non-speech category structures are modeled after well-studied 

visual category structures that have been the bases of numerous behavioral and 

neuroimaging studies in the visual domain. The influential Competition between Verbal 

and Implicit Systems (COVIS) model posits that there are at least two dissociable 

learning systems: reflective and reflexive (Ashby & Maddox, 2005, 2011). According to 

this model, the reflective learning system is based on analytic processing of the 

perceptual space via the corticostriatal executive loop (Ashby & Alfonso-Reese, 1998). 

For example, in categorizing stimuli differentiated on line length and orientation, 

participants may experiment making category responses based on a length criterion (i.e., 

shorter or longer than X) and an orientation criterion (i.e., steeper or shallower than Y), 

eventually settling on a set of criteria that yield the best categorization outcome (Maddox 

et al., 2008). The reflexive learning system, in contrast, is based on mapping percepts 

onto category representations via the corticostriatal motor and sensory loops (Ashby & 

Valentin, 2005; Maddox & Ashby, 2004). In this case, participants may eventually reach 
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optimal performance by making decisions based on an integration of multiple perceptual 

dimensions (e.g., the value of orientation must be higher than the value of length), but 

ultimately unable to verbalize the strategy used to generate category responses (Maddox 

et al., 2008). Empirical dissociation of the reflective and reflexive learning systems 

typically involves training participants on two qualitatively different category structures. 

A “rule-based” (RB) category structure can be learned by placing a decision criterion on 

each of the perceptual dimensions. RB structures can be learned using an analytic 

process, and therefore they are considered to be reflective-optimal. “Information-

integration” (II) category structures cannot be learned using such criteria, however, and 

can only be learned by associating perceptual spaces onto category representations. As 

such, II structures are considered to be reflexive-optimal (Ashby & Maddox, 2005, 2011). 

Behavioral studies have shown that, in vision, RB and II category structures are 

learned differently (Ashby & Alfonso-Reese, 1998; Ashby & Maddox, 2005, 2011; 

Ashby & Valentin, 2005; Maddox & Ashby, 2004; Maddox et al., 2008). A striking 

example is the ways in which participants respond to manipulation of the corrective 

feedback. RB category structures are learned better when negative feedback explicitly 

directs participants towards the correct response (e.g., “Wrong, that was a category 4.”; 

referred to as full feedback) (Maddox et al., 2008). In contrast, II category structures are 

learned better when negative feedback does not explicitly state what the correct response 

would have been (e.g., “Wrong.”; referred to as minimal feedback) (Maddox et al., 2008). 

These counterintuitive results (“less is more”) have been interpreted to suggest that the 

two learning systems compete for control throughout training, wherein the analytic 

process of the reflective learning system is dominant during full feedback, while the 

reflexive associations between perceptual regions and category representations are 

formed more expediently with minimal feedback (Maddox et al., 2008). 
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While behavioral studies show clear dissociations between the learning systems, 

findings from functional neuroimaging studies examining the neurobiology underlying 

the putative multiple learning systems have been somewhat mixed. Across the RB and II 

learning conditions, correct – relative to incorrect – categorization trials are associated 

with greater activation in the executive loop (anterior and posterior cingulate cortices, 

superior, middle, and inferior frontal gyri), the motor loop (putamen and the pre- and 

post-central gyri), the sensory loop (body of the caudate nucleus), and superior and 

inferior parietal lobules (Carpenter, Wills, Benattayallah, & Milton, 2016). However, in 

this study, activation patterns did not differentiate between systems. In a previous study, 

the II condition – relative to the RB condition – yielded greater activation in the body of 

the caudate nucleus (Nomura et al., 2007; Nomura & Reber, 2008), or conversely, in the 

medial temporal lobe (Carpenter et al., 2016). The body of the caudate nucleus and the 

medial temporal lobe have been linked to reflexive and reflective function in models of 

visual category learning (Nomura & Reber, 2008). In studies wherein designs that are 

optimized to separate stimulus- and feedback-related activity, early II category learning 

success is associated with stimulus-related activity in the putamen, a part of the motor 

loop (Waldschmidt & Ashby, 2011). It is safe to say that the current understanding of 

neural correlates of category learning is incomplete (Carpenter et al., 2016). In summary, 

visual learning systems can be reliably dissociated using manipulation of feedback 

content (Maddox et al., 2008). Neuroimaging studies have suggested that the striatum 

may be differentially involved in acquiring RB and II category structures (Nomura et al., 

2007), but the evidence is mixed, showing extensive commonalities across the learning 

conditions (Carpenter et al., 2016). 

The current experiment examined the extent to which the putative reflective and 

reflexive learning systems, and therefore, corticostriatal loops, can be dissociated in the 
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auditory domain. Many speech sound categories exhibit characteristics that are 

considered to be reflexive-optimal (Holt & Lotto, 2006, 2008, 2010), involving multiple 

perceptual dimensions that need to be integrated to yield optimal categorization (Garner, 

1974; Hillenbrand et al., 1995; Macmillan, Kingston, Thorburn, Walsh Dickey, & 

Bartels, 1999). Indeed, speech learning exhibits some characteristics that resemble the 

putative reflexive learning system in vision. Behaviorally, when adult learners are trained 

to categorize non-native speech sounds, minimal feedback leads to enhanced 

performance relative to full feedback (Chandrasekaran, Yi, et al., 2014). Using 

neuroimaging, it has been shown that correct categorization is linked to increased 

recruitment of the cortical motor regions during stimulus processing, and with increased 

recruitment of the putamen during feedback processing (Experiment 2). However, 

participants are observed to use both reflective and reflexive computational learning 

strategies for speech categories (Chandrasekaran, Koslov, et al., 2014; Maddox & 

Chandrasekaran, 2014). Indeed, feedback processing in Experiment 2 also involved 

corticostriatal regions associated with the reflective system (dorsolateral prefrontal 

cortex, anterior cingulate cortex, head of caudate nucleus) in addition to the motor loop 

(Experiment 2). Therefore, it is critical to use experimenter-constrained category 

structures to better differentiate the two learning systems in audition. Finally, not all 

training studies in vision have used neuroimaging designs that allow separation of 

stimulus- and feedback-related activity (e.g., Carpenter et al., 2016; Nomura et al., 2007). 

This is a severe limitation, given that multiple corticostriatal loops have been 

hypothesized to be distinctively engaged during stimulus and feedback presentation 

epochs (Seger & Miller, 2010; Seger et al., 2010).  

Previously, I had conducted a behavioral study in which I created RB and II 

auditory category structures in order to examine the effect of feedback content in learning 
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(H. G. Yi & Chandrasekaran, 2016). In vision, it had been shown that RB learning is 

enhanced with full feedback, whereas II learning is enhanced with minimal feedback 

(Maddox et al., 2008). Consistent with this design, participants were trained on auditory 

categories based on two dimensions that are known to be important in audition: spectral 

modulation frequency and temporal modulation frequency (Figure 7a) (Singh & 

Theunissen, 2003). Across separate days, participants were presented with a RB or an II 

category structure (Figure 7b). Amplitude modulated broadband noise sounds that 

systematically varied in spectral modulation frequency and temporal modulation 

frequency were used as the stimuli (Schönwiesner & Zatorre, 2009). These stimuli were 

used because they have been shown to be equivalent in short-term memory to Gabor 

patches (Visscher, Kaplan, Kahana, & Sekuler, 2007), which have been widely used in 

visual category learning research (Maddox & Ashby, 2004). In the RB condition, 

categories could be separated based on a spectral modulation frequency and a temporal 

modulation frequency criterion. In the II condition, categories could not be separated 

using easily verbalizable rules. Instead, participants had to learn to associate perceptual 

regions onto category responses. One group of participants (N = 11) exclusively received 

full feedback, while the other group (N = 11) received only minimal feedback. In the RB 

condition, full feedback, relative to minimal feedback, was associated with higher 

categorization accuracy. In the II condition, minimal and full feedback conditions were 

associated with equivalent categorization accuracy (Figure 7c). Whereas I had predicted 

that RB learning would be enhanced with full feedback, it was unexpected that II learning 

would be equivalent across minimal and full feedback conditions. My interpretation of 

this unexpected finding had been that audition is not as initially predisposed towards the 

reflective learning system as in vision (Maddox et al., 2008), allowing the reflexive 

learning system to take control even in the presence of full feedback (H. G. Yi & 
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Chandrasekaran, 2016). Consistent with this idea, work in non-human primates suggest 

extremely poor auditory executive function (Scott, Mishkin, & Yin, 2012).  

 

Figure 7.  Results from a prior behavioral dissociation study (adapted from H. G. Yi & 
Chandrasekaran, 2016). (a) Spectrograms of example stimuli varying in 
spectral modulation frequency (0.1 and 1 cyc/oct) and temporal modulation 
frequency (4 and 8 Hz). (b) Two category structures were created based on 
the acoustic dimensions of temporal modulation frequency and spectral 
modulation frequency. The “separable” structure, conceptually equivalent to 
a rule-based (RB) structure, could be categorized using one decisional 
criterion on the spectral modulation dimension and another on the temporal 
modulation dimension. The “inseparable” structure, conceptually equivalent 
to an information-integration (II) structure, was created by rotating the 
separable structure by 45° clockwise. (c) For the separable (RB) structure, 
categorization accuracy was higher for full feedback (black symbols and 
lines) relative to minimal feedback (gray symbols and lines). For the 
inseparable (II) structure, categorization accuracy was equivalent across the 
feedback groups. 

The present neuroimaging experiment (Experiment 3) was designed to dissociate 

the putative reflective and reflexive learning systems for auditory categories. In order to 

achieve this goal, I created experimenter-constrained rule-based (RB) and information-

integration (II) categories based on two auditory dimensions: spectral modulation and 

temporal modulation frequencies. Participants were randomly assigned to be trained to 

categorize either the RB structure (N = 25) or the II structure (N = 25). A sparse sampling 

fMRI technique was used to present the auditory stimuli in the absence of scanner noise 

(Hall et al., 1999). Furthermore, I separately estimated functional activation patterns 
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associated with stimulus presentation and feedback processing, using randomized 

stimulus-to-feedback and feedback-to-stimulus intervals (Birn et al., 2002; Dale, 1999). 

My main focus was on examining the commonalities and differences across the RB and II 

learning conditions in terms of the corticostriatal regions recruited during stimulus and 

feedback processing. 

MATERIALS AND METHODS 

Participants 

Young adult (ages 18 to 26) native Chinese speakers (N = 50) with no hearing 

problems (audiological thresholds < 25 dB hearing level across 1, 2, and 4 kHz) were 

recruited from the South China Normal University community and received monetary 

compensation for their participation. This data collection is a part of a larger collaborative 

project between UT Austin and the Chinese University of Hong Kong. Potential 

participants were excluded if they reported a major psychiatric condition, neurological 

disorders, hearing disorders, head trauma, or use of psychoactive drugs or psychotropic 

medication. Participants were randomly assigned to either rule-based (RB; N = 25) or 

information-integration (II; N = 25) learning conditions. The recruitment, consent, 

testing, and payment procedures were approved by the South China Normal University 

and The Chinese University of Hong Kong Institutional Review Board. 

Stimuli 

All sounds were generated by applying spectrotemporal modulation to a white 

noise stimulus (Figure 8a; duration = 0.5 s; digital sampling rate = 44.1 kHz; low-pass 

filtered at 4.8 kHz). Spectral modulation frequency ranged from 0.25 to 1.33 cyc/oct. 

Temporal modulation frequency ranged from 4 to 10 Hz. These modulation frequency 

ranges were based on the receptive field properties of the human auditory cortex 
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(Schönwiesner and Zatorre, 2009). The amplitude of modulation depth was 30 dB. All 

sounds were RMS amplitude normalized to 82 dB. To create the RB category structure, 

40 coordinates were first generated in an abstract two-dimensional space, with the 

minimum value of 0 and the maximum value of 1. Four bivariate normal distributions of 

40 coordinates were centered on (0.33, 0.33), (0.33, 0.75), (0.75, 0.33), and (0.75, 0.75), 

with a standard deviation of 0.1. Values along each dimension were logarithmically 

mapped onto spectral and temporal modulation frequencies. Thereby, the optimal 

decision boundaries corresponded to a set of criteria defined by the spectral modulation 

frequency of 0.58 cyc/oct and the temporal modulation frequency of 6.32 Hz (Figure 8b). 

The II category structure was created by rotating the rule-based category structure by 45° 

clockwise (Figure 8c). 

 

Figure 8: Experimenter-constrained non-speech auditory stimuli. (a) Two example 
spectrotemporally modulated white noise stimulus are displayed. Perceptual 
spaces for the stimuli generated for the (b) rule-based and (c) information-
integration category structures. Symbol-color combinations correspond to 
the four categories. 

Imaging Parameters 

MRI data were acquired using a Siemens 3T Tim Trio MRI system with a 12-

channel head coil at South China Normal University. T1-weighted high-resolution 

structural images were acquired using a magnetization prepared rapid acquisition gradient 
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echo sequence: 176 slices, TR = 1,900 ms, TE = 2.53 ms, flip angle = 9°, voxel size = 1 × 

1 × 1 mm3. T2*-weighted functional images were acquired using the gradient echo-planar 

imaging (EPI) pulse sequence: repetition time = 2,500 ms with 800-ms silence gap, TE = 

30 ms, flip angle = 90°, 31 slices, field of view = 224 × 224 mm2, in-plane resolution = 

3.5 × 3.5 mm2, slice thickness = 3.5 mm with 1.1 mm gap.  

Training Procedures 

Participants were placed in an MR scanner. All auditory stimuli were presented 

through circumaural headphones. All visual stimuli were presented via an in-scanner 

projector visible using a mirror attached to the head coil. Participants were equipped with 

a 2-button response box in each hand. The experiment consisted of 6 contiguous scans or 

"learning blocks." Before each block, participants were instructed to attend to the fixation 

cross on the screen. On each trial, an auditory stimulus was presented during the silence 

gap of 800 ms following 1700 ms of BOLD acquisition. Participants were instructed to 

categorize the sound into 1 of 4 categories. Corrective feedback ("正确, 这是类别4.": 

"RIGHT, that was a 4." versus "错误, 这是类别4.": "WRONG, that was a 4.") was 

displayed for 750 ms after the response. If the participant failed to respond within 2 s, 

cautionary feedback was presented ("时间": "TIME"). After each feedback screen, a 

fixation cross was displayed until the onset of the next acquisition. Single null TRs (N = 

10 per block) with a fixation cross were randomly inserted between trials. In order to 

separably estimate stimulus- and feedback-evoked activity, the stimulus-to-feedback 

interval was pooled from random samples from a uniform distribution of 2 to 4 s (Figure 

9) (Birn et al., 2002; Dale, 1999; Liu et al., 2001). Each stimulus was presented once 

within each block. The presentation order of the stimuli was randomized for all 

participants and blocks. 
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Figure 9: Training procedures for the experimenter-constrained auditory category 
learning task. A sparse sampling design was used to present the stimulus 
during a silent epoch between acquisition epochs. 

Behavioral Analyses 

Each participant's response on each trial was coded as "correct" or "incorrect." 

The log odds of producing a correct response in each learning block was estimated using 

mixed effects logistic regression analysis (Bates et al., 2014). The fixed effect of interest 

was the number of the blocks (1-6) mean-centered to 0. The model was corrected for by-

participant random slopes for each block and the random intercept for each block. 

Neuroimaging Analyses 

fMRI data were analyzed using FMRIB's Software Library Version 5.0 

(Jenkinson et al., 2012; Smith et al., 2004; Woolrich et al., 2009). BOLD images were 

motion corrected using MCFLIRT (Jenkinson et al., 2002). All images were brain-

extracted using BET (Jenkinson et al., 2005). Registration to the high-resolution 

anatomical image (df = 6) and the MNI 152 template was conducted using FLIRT 

(Jenkinson et al., 2002). Six separate block-wise first-level analyses were run within each 

participant. The following preprocessing procedures were applied: spatial smoothing 

using a Gaussian kernel (FWHM = 5 mm); grand-mean intensity normalization of the 

entire 4D dataset by a single multiplicative factor; high-pass temporal filtering (Gaussian-
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weighted least-squares straight line fitting; sigma = 50.0 s). Each event was modeled as 

an impulse convolved with a canonical double-gamma hemodynamic response function 

(phase = 0 s). Motion estimates were modeled as nuisance covariates. A temporal 

derivative of each event regressor, including the motion estimates, was added. Time-

series statistical analysis was carried out using FILM with local autocorrelation 

correction (Smith et al., 2004). The events of interest were (1) [stimulus + response] and 

(2) [feedback], which were further subdivided according to the accuracy valence: correct, 

incorrect, and missed. The missed trials were treated as nuisance variables, and hence not 

considered in any contrasts of interest. Two contrasts were considered regarding the 

accuracy valence: [correct – incorrect] and [incorrect – correct]. Contrasts exclusively 

examining [correct] or [incorrect] were not considered. This was because the numbers of 

correct and incorrect trials perfectly coincide with accuracy, a metric of individual 

variability. For this reason, a mixed effects model as implemented in FSL (FLAME1) 

was always used (Woolrich et al., 2009). This allows contrasts with differing numbers of 

trials would be properly weighted in the analysis and so they are automatically adjusted 

for. Specifically, if one subject had fewer trials than another, this is reflected in a 

decreased within-subject variance estimate. FSL’s FLAME1 combines this within-subject 

estimate with a between-subject variance estimate in the group analysis, which then 

effectively down- weights the contribution of more variable subjects. Note this increase 

in variability could be due to fewer trials or a subject with noisier data. In the case that 

trial numbers are lower, there is no risk of false positive findings, due to the increased 

variance, and results are valid (Beckmann, Jenkinson, & Smith, 2003; Mumford & 

Nichols, 2009). First-level analysis results were committed to second-level analysis using 

fixed effects with three regressors: group average, mean-centered block numbering, and 

mean-centered accuracy per block per participant. The latter two regressors were 
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included as nuisance variables to counteract systematic trends in the data across multiple 

blocks. Third-level group analysis was performed for each contrast using FLAME1 

(Woolrich et al., 2009). The poststatistical analysis was performed using randomise in 

FSL to run permutation tests (n = 500) for the GLM and yield in threshold-free cluster 

enhancement (TFCE) estimates of statistical significance (Winkler et al., 2014). The 

design matrix for the GLM analysis included second-level analyses for all participants (N 

= 50), with separate regressors for the two learning conditions: RB (N = 25) and II (N = 

25). Four t-tests were performed: [RB], [II], [RB – II], and [II – RB]. All contrasts of 

interest were first examined at a whole-brain level and then masked for the striatum. The 

striatum was defined using the Oxford-GSK-Imanova structural striatal atlas (2 mm 

voxels, 0% threshold) (Tziortzi et al., 2011). 

RESULTS 

Behavioral Learning Outcomes across Conditions 

Across the two conditions, participants initially scored 31% (SD = 8%) in the first 

block, and culminated in 46% (SD = 14%) in the sixth and final block. Although 

challenging, both conditions yielded significant learning across blocks. In order to assess 

the degree to which participants in the two learning conditions differed in learning 

outcomes, a logistic mixed-effects analysis was performed with trial-by-trial accuracy as 

the dependent variable. The fixed effects included the learning condition (II vs. RB; 

reference = II), mean-centered block number (-2.5, -1.5, -0.5, 0.5, 1.5, 2.5), and their 

interaction terms. The model was corrected for the random intercepts for each participant. 

There was a positive effect of block number, b = 0.095, SE = 0.017, z = 5.560, p < 

0.0001, suggesting that the log odds of producing a correct response in each trial 

increased over learning blocks progressed. The learning condition effect was not 
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significant, b = -0.155, SE = 0.121, z = -1.275, p = 0.20, failing to provide evidence of 

performance difference between the conditions in the middle trials. The condition by 

block interaction effect was not significant, b = 0.036, SE = 0.024, z = 1.526, p = 0.13, 

failing to provide evidence of learning rate difference across the two conditions. The 

intercept was significant, b = -0.290, SE = 0.088, Z = -3.310, p = 0.00093. 

Rule-Based Condition 

Stimulus Processing 

Two contrasts were considered according to accuracy valence of the trials: 

[correct – incorrect] and [incorrect – correct]. Only the former contrast revealed 

significantly active clusters at the family-wise error corrected p values less than 0.05. 

Whole brain analysis revealed that, during perception of correctly categorized stimuli, the 

left prefrontal cortex and right head of the caudate nucleus (Figure 10). The prefrontal 

cortex and the head of the caudate nucleus have been associated with the executive loop 

(Seger & Miller, 2010; Seger et al., 2010). These results may reflect increased effort 

placed on the working memory processes for stimuli that were correctly categorized. 

 

Figure 10:  Stimulus [correct – incorrect] contrast for the participants in the RB 
condition. Left prefrontal cortex (PFC) and right head of caudate nucleus 
(Caud (H)) shown. The reverse [incorrect – correct] contrast did not yield 
any significant clusters. 
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Feedback Processing 

Two contrasts were of interest: [correct – incorrect] and [incorrect – correct] 

based on the accuracy of the response and therefore the content of feedback (i.e., positive 

vs. negative). The [correct – incorrect] contrast revealed functional involvement of the 

bilateral dorsolateral prefrontal cortices, anterior and posterior cingulate cortices, frontal 

medial cortex, ventral striatum, the bilateral putamen, and the left head of the caudate 

nucleus (Figure 12). These results suggest that feedback processing involved the 

executive loop (dorsolateral prefrontal cortex, anterior cingulate cortex, head of the 

caudate nucleus), the motivational loop (ventral striatum), and the striatal component of 

the motor loop (putamen). The reverse [incorrect – correct] contrast revealed activation in 

the left inferior frontal gyrus and the superior parietal lobule (Figure 11). The inferior 

frontal gyrus has been implicated in the categorization of acoustically ambiguous speech 

sounds (Lee, Turkeltaub, Granger, & Raizada, 2012; Myers, Blumstein, Walsh, & 

Eliassen, 2009; Poldrack et al., 1999). 
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Figure 11:  Feedback contrasts for the participants in the RB condition. In the [correct – 
incorrect] contrast, bilateral dorsolateral prefrontal cortices (DLPFC), 
anterior and posterior cingulate cortices (ACC and PCC), paracingulate 
cortex (Paracing), frontal medial cortex (Front Med), ventral striatum (V. 
Str.), bilateral putamen (Put), and left head of caudate nucleus (Caud (H)) 
are shown. In the [incorrect – correct] contrast, the left inferior frontal gyrus 
(IFG) and superior parietal lobule (SPL) is shown. 

Information-Integration Condition 

Stimulus Processing 

Two contrasts were considered according to accuracy valence of the trials: 

[correct – incorrect] and [incorrect – correct]. Only the former contrast revealed 

significantly active clusters. The whole brain analysis revealed the functional 

involvement of bilateral pre- and post-central cortices and the right supramarginal gyrus 

(Figure 12). Given that the motor activity associated with correct and incorrect trials were 

identical (since missed trials were estimated separately), it is conceivable that these 

results suggest successful retrieval of category representations from the motor cortex. 
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Notably, in thee RB condition, this contrast only yielded activity in the executive loop 

(prefrontal cortex and the head of the caudate nucleus). 

  

Figure 12:  Stimulus [correct – incorrect] contrast for the participants in the II condition. 
Bilateral pre- and post- cortices are implicated, along with the paracingulate 
cortex (Paracing) and the supramarginal gyrus (SMG). The reverse 
[incorrect – correct] contrast did not yield any significant clusters. 

Feedback Processing 

Two contrasts were of interest: [correct – incorrect] and [incorrect – correct] 

based on the accuracy of the response and therefore the content of feedback (i.e., positive 

vs. negative). The [correct – incorrect] contrast revealed functional involvement of the 

superior frontal gyrus, posterior cingulate cortex, ventral striatum, and the frontal medial 

cortex (Figure 13). The ventral striatum constitutes the motivational loop. For correct 

trials, feedback holds positive reward value, which accounts for the involvement of the 

motivational loop. It is worth noting that activation within executive loop (bilateral 

dorsolateral prefrontal cortex and the head of the caudate nucleus) was not observed. 

Also notable is the absence of the putamen, which is part of the motor loop. The 

[incorrect – correct] contrast revealed the involvement of the bilateral middle frontal gyri, 

superior parietal lobules, and the paracingulate cortex (Figure 10). The middle frontal 

gyri have been associated with performance in domain-general working memory learning 

tasks (Carter, O'doherty, Seymour, Koch, & Dolan, 2006). These activation patterns may 
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reflect the involvement of working memory processes (e.g., retrieval) as the participant 

attempt to incorporate the negative feedback and update the stored representations.  

  

Figure 13:  Feedback contrasts for the participants in the II condition. In the [correct – 
incorrect] contrast, superior frontal gyrus (SFG), posterior cingulate cortex 
(PCC), paracingulate cortex (Paracing), frontal medial cortex (Front Med), 
and the ventral striatum (V. Str.) are shown. In the [incorrect – correct] 
contrast, bilateral middle frontal gyri (MFG), superior parietal lobules 
(SPL), and the paracingulate cortex (Paracing) are shown. 

Dissociating Striatal Involvement in RB versus II Category Learning 

Analyses in this section were pre-masked for the bilateral striatum using the 

Oxford-GSK-Imanova Structural-anatomical Striatal Atlas (Tziortzi et al., 2011). The 

masking was conducted to test the a priori hypothesis that the striatal structures are 

critically engaged during auditory category learning (Lim et al., 2014; Lopez-Paniagua & 

Seger, 2011; Seger, 2006, 2008; Seger & Cincotta, 2005; Seger & Miller, 2010; Seger et 

al., 2010; Tricomi et al., 2006). 
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Stimulus Processing 

In the [correct – incorrect] contrast, [RB] and [II] results were qualitatively 

equivalent. In both conditions, stimulus processing during correct trials was associated 

with activation in the bilateral head of the caudate nucleus (Figure 14). Neither the [RB – 

II] or [II – RB] contrasts revealed significantly activated clusters. In the previous section, 

whole brain results have shown increased activation of the head of the caudate nucleus in 

the RB condition (Figure 10) but not in the II condition (Figure 12). The reverse 

[incorrect – correct] contrast did not reveal any significant clusters. 

 

Figure 14.  Stimulus [correct – incorrect] contrast masked for the striatum, for 
participants in the RB (top) and II (bottom) conditions. Across all contrasts, 
the bilateral head of the caudate nuclei are shown. The reverse contrast 
[incorrect – correct] did not yield any significant clusters of activation. 

Feedback Processing 

In the [correct – incorrect] contrast, [RB] and [II] statistics were qualitatively 

different. In the [RB] contrast, the left head of the caudate nucleus, left putamen, and 

ventral striatum were shown to activated greater for positive than for negative feedback. 

In the [II] contrast, only the right ventral striatum was found to be reliably activated. 
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When the two conditions were directly compared, the [RB – II] contrast indicated that the 

left head of the caudate nucleus and the putamen were activated more for the positive 

than for negative feedback, more so for the RB than for the II condition (Figure 15). 

These results are consistent with the whole brain results, where RB condition was linked 

to greater involvement of the ventral striatum, head of the caudate nucleus and the 

putamen (Figure 11), but the II condition only showed activity in the ventral striatum 

(Figure 13). These results support the following interpretation. First, the reward value of 

positive feedback was equivalent across RB and II conditions, which accounts for the 

lack of difference in ventral striatum (Figure 15). Second, the striatal portions of the 

executive and motor loops are involved in incorporating positive feedback in the RB 

condition, but not in the II condition. The reverse [incorrect – correct] contrast did not 

reveal any significant clusters. 

 

Figure 15.  Feedback [correct – incorrect] contrast masked for the striatum, for 
participants in the RB (top) and II (middle) conditions. Bilateral ventral 
striatum was activated in both conditions. The head of caudate nucleus and 
the putamen were activated in the RB condition, but not in the II condition. 
Direct comparison of RB and II (bottom) is congruent with this observation. 
The reverse contrast [incorrect – correct] did not yield any significant 
clusters of activation. 
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DISCUSSION 

The current experiment had been conducted to dissociate the multiple 

corticostriatal loops posited to be involved in auditory category learning. To this end, 

artificial category structures (rule-based and information-integration) were created using 

non-speech stimuli. Participants were trained on one of the two conditions using a trial-

by-trial feedback paradigm. Behavioral results showed that the learnability of RB and II 

category structures was comparable. Neuroimaging results suggested that, despite the 

equivalent learning performance across groups as well as the stimulus properties and the 

task demands, stimulus and feedback processing utilize dissociable sets of corticostriatal 

regions. 

Successful categorization of RB stimuli was associated with greater activation in 

the prefrontal cortex and the head of the caudate nucleus (Figure 10). These regions have 

been purported to constitute the executive loop in the visual domain (Seger & Miller, 

2010). The COVIS model argues that learners store reflective rules in the prefrontal 

cortex to carve out the perceptual space during acquisition of categories (Ashby & 

Maddox, 2005, 2011). The current results are consistent with this hypothesis. In contrast, 

successful categorization of II stimuli was associated with greater activation in the 

bilateral pre- and post-central gyri (Figure 12). Reflexive learning has been strongly 

associated with motor mapping. Behavioral evidence has shown that even after the II 

categories have been acquired by the participants, shuffling the response keys 

disproportionately disrupts categorization performance relative to the RB categories 

(Ashby et al., 2003; Maddox & Ashby, 2004; Spiering & Ashby, 2008). The COVIS 

model posits that II categories are optimally learned through the reflexive system, 

wherein perceptual regions are mapped onto category representations in the motor cortex 

in a manner unavailable to conscious awareness (Ashby & Maddox, 2005, 2011). Taking 
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this view, the current findings appear to suggest that the representations of learned II 

categories are stored in the motor cortex, from which they are retrieved during the 

presentation of stimuli. It is further worth nothing that, across conditions, the recruitment 

of auditory cortex is not found to significantly differ across correct and incorrect trials. In 

comparison, successful categorization of non-native speech stimuli had been associated 

with increased activation in the auditory cortex (Figure 5). Categorization performance of 

non-speech stimuli, presumably due to the participants’ relative dearth of experience with 

the artificially created sounds, may result in greater reliance ondomain-general 

corticostriatal loops. Speech stimuli used in Experiment 2, however, were based on 

monosyllabic words that are shared in the native language of the participants, presumably 

invoking a qualitatively different process in categorization. It may prove valuable to test 

this interpretation by hyper-training participants to achieve automaticity in categorizing 

the artificial stimuli (Waldschmidt & Ashby, 2011). An alternative account is that the 

lack of auditory areas in the stimulus [correct – incorrect] contrast is due to the use of a 

sparse sampling design, which may have minimized the role of audibility in influencing 

categorization performance (Hall et al., 1999). 

 Feedback processing across RB and II conditions showed much commonality as 

well as significant differences. Presentation of positive, relative to negative, feedback was 

associated with increased activation of the ventral striatum, posterior cingulate cortex, the 

paracingulate cortex, and the frontal medial cortex across the RB (Figure 11) and II 

(Figure 13) conditions. The ventral striatum and the orbitofrontal cortex constitute the 

motivational loop (Seger & Miller, 2010), which in this case may reflect the higher 

reward value intrinsic to positive feedback. Feedback-based category learning can be 

understood as a form of reinforcement learning (Ashby & Maddox, 2005). In the former, 

participants learn to map a group of stimuli onto a single response, based on positive or 
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negative content of the feedback; in the latter, participants learn to maximize reward by 

pairing desirable behavior with specific stimuli (Schultz, 1997). The common activation 

of the motivational loop suggests that, from a simple perspective of reinforcement 

learning, RB and II incorporation of positive feedback is equivalent. RB learning, 

however, was associated with higher activation in the dorsolateral prefrontal cortex as 

well as the head of the caudate nucleus, which have been purported to constitute the 

executive loop. Per the COVIS model, this finding may speak to the process of updating 

reflective rules in the prefrontal cortex during RB learning (Ashby & Alfonso-Reese, 

1998; Ashby & Ell, 2001; Ashby & Ennis, 2006; Ashby & Maddox, 2005, 2011). 

Findings in the II condition are peculiar in this sense, because they seemingly do not 

include the activity of the motor loop (putamen or the motor cortex), where the reflexive 

associations are posited to be formed during learning (Seger, 2008; Seger & Miller, 2010; 

Seger et al., 2010). Instead, negative feedback in II induces activity in the bilateral middle 

frontal gyri, which have been linked to aversive conditioning in the literature (Carter et 

al., 2006). One possibility is that positive reinforcement is sufficient to strengthen the 

percept-to-category mapping in the motor loop. Per the reinforcement learning model in 

the striatum, dopaminergic neurons initially respond to the reward, but ultimately learn to 

increase firing rates to the stimulus itself, having formed stimulus-reward pairs 

throughout training (Schultz, 1997, 1998, 2002; Schultz et al., 1998). Perhaps reflexive 

learning is more based on feedback-based optimization of stimulus processing than is 

reflective learning. If so, then this may explain the higher co-activation of the head of 

caudate nucleus and the putamen in the RB relative to II condition during feedback 

processing (Figure 15). Further work is required to better understand how feedback is 

incorporated during reflexive learning.  
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The major contribution of the current experiment is the demonstration of learning-

contingent involvement of striatum during stimulus and feedback processing. So far, 

neuroimaging studies on non-speech auditory learning have mainly focused on its effects 

on the cortex (Ley, Vroomen, & Formisano, 2014; Ley et al., 2012). Here, I showed that 

corticostriatal regions are critically involved during feedback-driven auditory category 

learning. Furthermore, the sets of regions implicated vary according to the underlying 

category structure. I suggest that newly learned category representations are differentially 

stored in the prefrontal cortex (reflective) or the motor cortex (reflexive), which need to 

be properly accessed during the presentation of stimulus to result in successful 

categorization. Corrective feedback updates these representations through the 

involvement of motivational and executive loops. More exploration of this theme is 

needed to enhance our understanding of the nature of the striatal involvement during 

auditory category learning. 
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GENERAL DISCUSSION 

This dissertation examined the role of corticostriatal loops in auditory category 

learning. This research question was approached in three experiments. First, a non-

invasive structural neuroimaging method was used to observe the morphology of the 

white matter pathways connecting the human auditory cortex and the striatum (sensory 

loop). The structural integrity of the cortex-to-caudate pathway was associated with 

individual variability in speech category learning performance, demonstrating its 

functional relevance. Second, a functional neuroimaging method was used to assess the 

recruitment of corticostriatal regions during speech category learning. The results showed 

the differential involvement of the corticostriatal loops between stimulus and feedback 

processing; successful categorization was associated with increased recruitment of the 

motor cortex during the presentation of stimulus, whereas positive feedback involved 

greater activation of the executive and motivational loops. Third, I showed that distinct 

sets of corticostriatal loops are recruited during category learning of structures that are 

constrained to enhance reflective or reflexive learning; successful categorization in the 

rule-based condition was associated with recruitment of the prefrontal cortex, whereas it 

was associated with recruitment of the motor cortex in the information-integration 

condition. The findings were congruent with the perspective gleaned from the research in 

the visual domain, which implicates distinct but overlapping roles of multiple 

corticostriatal loops during perceptual category learning.  

Extensive projections from the superior temporal cortex to the striatum have been 

demonstrated in the non-human primate brain using the anterograde tracing method 

(Borgmann & Jürgens, 1999; Van Hoesen, Yeterian, & Lavizzo‐Mourey, 1981; Yeterian 

& Pandya, 1998). The topography of corticostriatal projections varies even within the 
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auditory core and belt areas. For instance, the caudate nucleus projections from the 

primary auditory cortex are circumscribed to the tail (Yeterian & Pandya, 1998), whereas 

those from the secondary auditory cortex extend to the body (Borgmann & Jürgens, 1999; 

Yeterian & Pandya, 1998). Within the putamen, the primary auditory cortex projections 

are circumscribed to the middle portion of the ventral striatum, whereas the secondary 

auditory cortex projections terminate on the anterior and posterior portions of the 

putamen (Yeterian & Pandya, 1998). Once the tracers are injected to the larger set of 

subregions of the superior temporal cortex, the topography becomes more diffuse, with 

significant overlap across the striatal projection sites of different cortical origination 

points (Yeterian & Pandya, 1998). These distinct but overlapping corticostriatal 

projection patterns have been posited to provide the structural architecture for functional 

interaction across multiple corticostriatal loops (Parent & Hazrati, 1995). Take the 

putamen, for example, for which the superior temporal cortex is but one of the many 

cortical sites from which it receives extensive projections. A survey of tracing studies 

suggests a general anterior-to-posterior gradient of cortical input within the putamen, 

with the anterior portion receiving more input from the prefrontal cortex, and the 

posterior regions receiving more input from the motor and sensory regions (Ell, Helie, & 

Hutchinson, 2011). From this perspective, the diffuse corticostriatal projections from the 

non-primary areas of the superior temporal cortex may allow the cortical input to be 

processed in other cortical sites, such as the motor and prefrontal cortices. 

Why did individual differences in the structural integrity of the auditory sensory 

loop relate to indivdual variability in speech category learning performance? The 

auditory sensory loop may provide the neural infrastructure for linking non-native speech 

sounds to category responses. Single cell recordings in rodents show that auditory 

corticostriatal synapses directly drive category responses during auditory discrimination 
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learning (Znamenskiy & Zador, 2013). Furthermore, as the rats learn to associate groups 

of stimuli (pure-tone clouds with relatively higher or lower average frequency) with a 

discrete class of response (left or right button press), the synaptic connectivity is 

selectively enhanced (Xiong et al., 2015). To summarize, the auditory cortex encodes 

behaviorally relevant aspects of incoming sounds that are not dictated by acoustic 

variations (Bathellier, Ushakova, & Rumpel, 2012; Mizrahi, Shalev, & Nelken, 2014; 

Panzeri, Macke, Gross, & Kayser, 2015). These neurons synapse onto the striatum, which 

directly induce a behavior linked to each class of sounds (Xiong et al., 2015; Znamenskiy 

& Zador, 2013).  

What is, then, happening in the auditory cortex during category learning? Unlike 

the visual cortex, information received by the auditory cortex along the ascending 

auditory pathway has already gone through multiple brainstem stages of parsing (Mizrahi 

et al., 2014). The response characteristics of the auditory cortex are highly susceptible to 

change based on the behavioral relevance of the stimuli and influenced by prior 

experience (Mizrahi et al., 2014; Schreiner & Polley, 2014). Most pertinent to the topic of 

the current dissertation, cortical representations of sounds are dynamically modulated by 

learning (Bao, Chang, Woods, & Merzenich, 2004; F. W. Ohl & Scheich, 2005), but once 

the context of learning is removed, the auditory cortical response patterns revert to 

previous norms (Reed et al., 2011). It has been suggested that the primary role of 

learning-induced plasticity in the auditory cortex is to temporarily open the neural 

window for stable associations to be formed (Reed et al., 2011). 

One way to understand this perspective is to consider the neural challenges faced 

by the auditory system for a given organism. The real-world soundscape is highly 

complex, variable, and temporally ephemeral. It would be computationally ineffective, 

and perhaps even implausible, to form representations that adhere to all acoustic 
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variations that may not necessarily demand different behavioral response (Ashby & 

Maddox, 1993). Therefore, the efficient solution for the auditory system is to minimize 

the influence of acoustically redundant and behaviorally irrelevant sensory cues on the 

neural representation of the sounds (Chechik et al., 2006). Instead, it would be beneficial 

for the organism to maximize the level of abstraction to be extracted from the incoming 

stimuli (Chechik & Nelken, 2012). To this end, auditory cortical neurons are not dictated 

by continuous and linear response patterns, but rather through discrete (Bathellier et al., 

2012) and non-linear (Kayser, Montemurro, Logothetis, & Panzeri, 2009) coding 

schemes that ultimately enhance the efficiency of neural coding (Panzeri et al., 2015). 

Thus, sounds can effectively guide behavior through strategic reduction of sensory 

resolution at the cortical level (Bathellier et al., 2012; Reed et al., 2011), by ignoring 

acoustic variations that are not linked to behavior, but responding preferentially to those 

that merit meaningful responses (Chechik et al., 2006; Mizrahi et al., 2014). 

Currently, it is unknown what gives rise to non-clinical variations in 

corticostriatal connectivity in audition. In clinical populations, functional and structural 

abnormalities in the striatum have been linked to mutations in the FOXP2 gene (Lai, 

Gerrelli, Monaco, Fisher, & Copp, 2003; Liégeois et al., 2003; Vargha-Khadem et al., 

1998; Watkins et al., 2002), which is a gene that has been linked to severe, heritable, 

speech-language dysfunctions (Lai, Fisher, Hurst, Vargha-Khadem, & Monaco, 2001). 

Functional relevance of normal or abnormal striatal expression of the FOXP2 gene is not 

unique to humans. The impact of this gene has been well studied in avian vocal learning 

models (Haesler et al., 2004; Webb & Zhang, 2005). The Area X, which is an avian 

homolog of the human striatum, is integral in driving vocal learning in songbirds 

(Brenowitz, Margoliash, & Nordeen, 1997; Jarvis et al., 2005). Expression of FOXP2 in 

the avian striatum plays a critical role in vocal learning (Haesler et al., 2004; Rochefort, 
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He, Scotto‐Lomassese, & Scharff, 2007; Webb & Zhang, 2005), giving rise to an 

evolutionary perspective of the significance of striatum in development of speech and 

language functions in humans (Enard, 2011). In humans, non-clinical variations in 

FOXP2 have been linked to increased risk for dyslexia (Wilcke et al., 2012), prefrontal 

activation during language tasks (Pinel et al., 2012), and language lateralization 

(Ocklenburg et al., 2013). Our research team has further shown that variants of FOXP2 

are linked to enhanced performance in speech category learning (Chandrasekaran, Yi, 

Blanco, McGeary, & Maddox, 2015). Further work is required to examine potential 

source of variations in structural connectivity between the striatum and the auditory 

cortex, and its behavioral relevance in auditory learning. 

Findings from Experiments 2 and 3 suggest that successful categorization of 

sounds involve recruitment of prefrontal or motor cortex during the presentation of each 

stimulus (Figures 5, 10, and 12). Once a category response is made, however, 

presentation of feedback induces recruitment of a diverse set of corticostriatal regions, 

based on the positive or negative value of corrective feedback, and also based on the 

underlying category structure (Figures 6, 11, 13, and 15). These findings highlight the 

critical roles of cortical and subcortical structures in integrating feedback during auditory 

learning.  

Previous studies have shown that acquisition of novel auditory categories is 

associated with changes in the neural representations of the sounds along the superior 

temporal cortex (Ley et al., 2014; Ley et al., 2012). These results are congruent with 

findings from non-human animal models, which have shown that learning induces 

plasticity in the receptive fields of the auditory cortex (Bao et al., 2004; David, Fritz, & 

Shamma, 2012; J. Fritz, Shamma, Elhilali, & Klein, 2003; Reed et al., 2011). For 

instance, food-deprived rats can learn to navigate a maze to locate the food reward based 
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on making rate-based auditory judgments, which enhances the representation of 

behaviorally relevant stimuli in the auditory cortex (Bao et al., 2004). The timescale of 

training-induced plasticity can vary from as long as weeks (Bao et al., 2004; Kilgard & 

Merzenich, 1998; Reed et al., 2011) to as short as minutes (Atiani, Elhilali, David, Fritz, 

& Shamma, 2009; J. Fritz et al., 2003; J. B. Fritz, Elhilali, David, & Shamma, 2007). 

Interestingly, once training is terminated, plasticity reverts to previous norms, while the 

learned behavior remains stable (Reed et al., 2011). One of the factors that drive rapid 

plasticity in the auditory cortex is behavior-contingent reward and punishment (David et 

al., 2012). The remaining question, in this case, concerns how temporarily fleeting 

plasticity in the auditory cortex can give rise to stable neural representations as a result of 

learning. 

A possible neural mechanism through which the reward/punishment contingency 

in auditory learning induces plasticity is the corticostriatal connectivity (Xiong et al., 

2015; Znamenskiy & Zador, 2013). In the visual domain, it has been proposed that the 

role of striatum during learning is to build cortex-to-cortex associations (Hélie et al., 

2015). According to this hypothesis, the corticostriatal projections from the visual cortex 

to the striatum is necessary for the early stages of reinforcement learning due to the 

sensitivity of the striatum to response-contingent reward. As learning progresses 

however, associations between the striatum and the prefrontal cortex are gradually fine-

tuned, eventually resulting in a direct sensory-to-prefrontal connectivity that guides 

behavior. The results from Experiment 3 appear to be largely congruent with this theory, 

wherein successful categorization of rule-based (RB) stimuli was associated with 

increased activation in the prefrontal cortex and the head of caudate nucleus during 

presentation of the stimulus (Figure 10), and with the dorsolateral prefrontal cortex and 

the head of caudate nucleus during presentation of feedback (Figure 11). The speech 
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(Experiment 2) and II learning (Experiment 3) data, however, present a more complex 

picture. During speech category learning, positive feedback was processed in the 

dorsolateral prefrontal cortex and the head of caudate nucleus (Figure 6). Correctly 

categorized stimuli, however, were associated with recruitment of the motor cortex rather 

than the prefrontal cortex (Figure 5). During II category learning, positive feedback failed 

to be associated with extensive recruitment of the prefrontal cortex or the head of caudate 

nucleus (Figure 14). Moreover, correctly categorized stimuli were associated with the 

motor cortex (Figure 12) as during speech category learning. The pattern of motor 

recruitment is more consistent with an alternative account of the role that the 

corticostriatal connectivity plays during learning, which is to build up connections to the 

motor cortex, rather than the prefrontal cortex (Belin, Jonkman, Dickinson, Robbins, & 

Everitt, 2009; Hélie et al., 2015; Yin & Knowlton, 2006). 

The motor-prefrontal dissociation as seen in the present set of neuroimaging 

results is further consistent with the idea of dissociable learning systems purported to be 

engaged in category learning: reflective and reflexive systems (Chandrasekaran, Koslov, 

et al., 2014; Chandrasekaran, Yi, et al., 2014; Maddox & Chandrasekaran, 2014). RB 

category learning, which is posited to be optimally learned via the reflective system, 

showed evidence of prefrontal recruitment during stimulus and feedback processing. In 

contrast, II category learning, posited to be reflexive-optimal, showed motor recruitment 

during stimulus processing, and a lack of extensive prefrontal recruitment during 

feedback processing. Speech category learning appeared to be a mixture of both: stimulus 

processing was associated with motor recruitment, whereas feedback processing was 

associated with prefrontal recruitment. Behavioral computational modeling analyses in 

our research group have consistently suggested that speech category learning is 

associated with both reflective and reflexive learning strategies (Chandrasekaran, Koslov, 
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et al., 2014; Chandrasekaran et al., 2015; Maddox & Chandrasekaran, 2014; Maddox et 

al., 2013; H. G. Yi & Chandrasekaran, 2016). It is hoped that understanding the neural 

correlates of speech category learning would allow us to develop individually optimized 

training paradigms. 

The goal of this dissertation was to examine the role of corticostriatal loops in 

auditory category learning. A combination of structural and functional neuroimaging 

methods and a feedback-driven category training approach has yielded a set of data that 

puts forth an integrated view of the neural circuitry involved in the acquisition of novel 

auditory categories. Structurally, the integrity of the auditory sensory loop relates to 

variability in speech category learning performance, suggesting that it, in part, contributes 

to efficient parsing of the sensory stimulus. Functionally, stimulus and feedback 

processing involves dissociable sets of corticostriatal loops depending on which learning 

system is engaged: reflective or reflexive. Reflective auditory learning is associated with 

retrieval and updating category rules in the prefrontal cortex. Reflexive auditory learning 

is associated with retrieval of motor representations during stimulus processing. 

Feedback is incorporated via the motivational loop, without reliance on the executive 

loop. Speech category learning exhibits characteristics of both reflective (during 

feedback) and reflexive (during stimulus) learning systems. These findings could be 

obtained via the use of structural (diffusion-weighted) and functional (T2*-weighted) 

magnetic resonance imaging (MRI) techniques. Throughout the three experiments 

presented in the current dissertation, spatiotemporal resolution of the MRI method has 

been a severe constraining factor. In my future work, I will be using the direct 

electrocorticography (ECoG) method to record intracranial responses from the superior 

temporal cortex, inferior frontal gyrus, and the motor cortex (Chang, 2015). The ECoG 

approach has already been successfully used to demonstrate pre-existing representations 
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of speech sounds (Mesgarani, Cheung, Johnson, & Chang, 2014), as well as attention- 

modulated representational plasticity of competing speech streams (Mesgarani & Chang, 

2012). My goal is to leverage the high spatiotemporal resolution and signal-to-noise ratio 

of the ECoG technique (Moses, Mesgarani, Leonard, & Chang, 2016) to examine the 

cortical dynamics during auditory category learning.  
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