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Abstract 

 

 This thesis includes two directions of research regarding the function and 

physiology of the cerebellum. One direction was concentrated on the cerebellum 

involvement in motor control during a visually guided tracking task performed by non-

human primates. The second effort aimed to characterize the effects of the  P/Q-type Ca2+ 

channelopathy on the physiology of the cerebellar cortex in tottering mice and to explore 

the mechanisms that transform homeostatic deficits due to genetic mutations into 

transient phenotype such as episodic dystonia. 

   Understanding the cerebellum function is an ongoing challenge. The cerebellum 

has been implicated in error processing required for on- line motor control and motor 

learning. The dominant view is that the error related signals are encoded by the Purkinje 

cell complex spike discharge. The results presented in this thesis show that the Purkinje 

cell simple spike activity robustly signals a rich representation of task specific 

performance errors, independently from the kinematic signals. The results also show that 

a large majority of the Purkinje cells encode behavioral parameters dually by a pair of 

signals, one predictive and one feedback related. The predictive signals could provide the 

neural substrate for the feedback- independent compensatory movements that maintain 

motor behavior accuracy. The dual representation is also consistent with the signals 

needed to generate the prediction sensory error used to update an internal model. These 

results provide new insights into the cerebellum function and have interesting 

implications for the forward internal model hypothesis. 

 The tottering mouse is an autosomal recessive disorder involving a mutation in 

the gene encoding the P/Q-type Ca2+ channels and is one of the animal models for the 

episodic ataxia type 2. The most remarkable aspect of the tottering mouse phenotype are 

the transient attacks of dystonia triggered by stress, ethanol or caffeine. The neural 

processes underlying the transient phenotype are unknown. The results presented in this 
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thesis, based on the flavoprotein autofluorescenece imaging, show that the tottering 

mouse dysfunction is associated with the presence of transient synchronous low 

frequency oscillations in the cerebellar cortex. For a large majority of cerebellar cortical 

neurons the optical oscillations reflect the oscillations present in their spontaneous 

activity. The oscillations appear to be intrinsic to the cerebellar cortex and in the awake 

animals increased oscillatory cerebellar activation becomes highly coherent with the 

EMG activity during episodic dystonia. Low frequency oscillations of the cerebellum 

represent a novel abnormality in the tottering mouse and could provide insights into the 

mechanism underlying the transient phenotype of the episodic ataxia type 2. 
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CHAPTER I:  CONTROLLING MOVEMENTS AND THE CEREBELLUM 

 

Introduction 

  A spooked alpine ibex races across the vertical face of the mountain. To the 

incredulous observer, the ibex appears to improbably float smoothly above the abyss. In a 

breathtaking succession, the ibex selects the target for the next jump and executes the 

movement to reach it. The exquisite performance is repeated over and over again.  How 

is it possible for a biological system to perform at such an astounding level of motor 

performance when powered by unreliable actuators, informed by low precision sensors, 

wired by slow communication lines and controlled by a brain built for even slower 

computation? It is obvious that organisms have severe limitations regarding the reliability 

or accuracy of their motor behaviors. However, animals overcome these shortcomings 

due to compensatory mechanisms implemented by the central nervous system.   

 To understand motor behavior we need to separate the problem into two levels, 

computational and algorithmic. The computational problem requires a more abstract 

understanding of the organization of the logical components and interactions expected in 

a process capable of controlling the motor behavior that can be generalized across large 

numbers of behaviors and biological systems. The algorithmic problem requires an 

understanding of the specific neural implementations of the computational components. 

Goal-directed movements are one of the more important types of motor behaviors, 

essential for survival of most animals in very different contexts, from feeding to escaping 

mortal enemies. For goal-directed motor behavior, a crucial computational problem is 

processing and correcting for performance errors that is the divergence between the 

desired outcome and the actual consequences of motor behavior.     
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Online control and errors  

 Performance errors can be generated by a variety of causes. Unexpected 

perturbations exerted on the organism by the external world, like a gust of wind or a 

slippery patch can produce errors. There are multiple causes that can degrade motor 

behavior accuracy and generate performance errors such as variability in the muscle 

response to motor commands due to fatigue or the presence of noise in the motor 

commands (Jones et al., 2002). Errors are also common when a subject makes novel 

movements;  for example, the first attempts at using a backhand stroke to hit a tennis ball. 

We can conclude that performance errors are inherent to the goal-directed motor behavior 

and, therefore, online error processing is crucial to motor system performance.   

 For most motor behaviors online error control relies on sensory feedback. 

Compensation for performance errors can be achieved by fast mechanisms that are based 

on the biomechanical properties of muscles or using spinal reflexes.  Compensation for 

errors also involves delayed mechanisms mediated by processes above the level of the 

spinal cord. Evidence shows that long- latency responses dominate online error 

corrections to perturbations (Strick, 1978) and are also present during fast arm 

movements (Saunders and Knill, 2003; Saunders and Knill, 2004). However, using 

delayed error correction can introduce instability in the controlled system as illustrated by 

the famous shower example (Shadmehr et al., 2010). The delay between the command to 

change temperature and the temperature achieved prevents the calibration of the 

correction, resulting in overshooting or undershooting the desired temperature and failing 

to reach equilibrium. One way to achieve equilibrium in these conditions is by using 

incremental temperature changes. This strategy requires a long time to implement, a 

severe limitation, as anyone experiencing a scalding shower can attest.   

 Remarkably, online error corrections occur even in the absence of sensory input. 

For example, saccadic eye movements are too brief to be influenced by sensory feedback. 

Moreover, during saccades visual processing is actively suppressed (Thiele et al., 2002) 

and proprioceptive signals do not contribute to eye movement control (Keller and 
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Robinson, 1971; Guthrie et al., 1983). Perturbations to saccades due to blinking are 

compensated online to maintain eye movement accuracy (Rottach et al., 1998). Also, 

saccade velocity varies substantially depending on the non-motor context such as 

expected reward, attention or cognitive state of the subject (Xu-Wilson et al., 2009; Smit 

et al., 1987; Robinson et al., 1997; Chen-Harris et al., 2008; Golla et al., 2008; Takikawa 

et al., 2002; van Donkelaar, 1997; Snyder et al., 2002), reflecting variability in the motor 

commands. However, the variability of the motor commands is not reflected in the motor 

outcome, as saccades remain remarkably accurate (Golla et al., 2008; Xu-Wilson et al., 

2009). The consistency of saccadic accuracy demonstrates the existence of control 

processes that are independent of sensory input and are capable of implementing online 

corrections that compensate for variability in the motor commands or perturbations.    

 Therefore, online processing of performance errors presents two problems. The 

first problem is how long- latency error correction processes can control the accuracy of 

fast, smooth movements without introducing instability in the motor system. The second 

problem is how performance errors can be assessed and corrected in the absence of 

sensory feedback. Computationally, these two problems have a common solution, namely 

the existence of an internal prediction regarding the consequences of the current motor 

command. Various flavors of this idea and its implications have been examined by the 

theory of internal models. 

 

Internal models  

 An internal model is based on a computational transformation that describes the 

input-output relationship for a biological effector or changes in the environment relevant 

for the motor behavior to be controlled (Kawato, 1999). There are two distinct classes of 

internal models. We begin with forward internal models that predict the sensory 

consequences of the motor commands (Jordan and Rumelhart, 1992; Miall et al., 1993). 

In general, forward models solve the equations of motion based on the motor command 
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and the known state of the effector defined by sensory feedback. In other words, they 

compute the effect of a known cause, or compute forward from cause to effect. For 

example, a forward model of the arm receiving sensory feedback about the current state 

and motor command could predict the upcoming kinematics (i.e., position and/or 

velocity) of the arm (Miall et al., 1993). The predictions calculated by the forward model 

would be used by an internal feedback control system, instead of the actual effector 

response to the motor command. This internal feedback eliminates the problems 

generated by the delayed sensory feedback and allows error corrections to occur in the 

absence of the sensory feedback. For example, during a saccade, a forward model could 

predict eye position from the current motor command. Based on this prediction, the next 

motor command can be issued so the final eye position would match the target position 

and thus maintain saccade accuracy independent of the initial motor command amplitude. 

Forward models could generate a wide variety of predictive signals, including signals 

similar to the actual sensory feedback, signals describing the effector movement in an 

intrinsic (joint rotations) or in extrinsic coordinate system (hand movement in space).  A 

forward model could generate signals describing the motion of a tool.  

 The second class of internal models starts from the desired outcome and computes 

the motor commands required to achieve it (Atkeson, 1989; Kawato, 1999). These 

models move backward from a known desired effect to a compatible cause and, therefore, 

are referred to as inverse internal models. A variety of inverse models has been described 

depending on differences in the input and output spaces. For example, an inverse model 

computes a transformation from an extrinsic coordinate system to an intrinsic coordinate 

system by determining the sequence of muscle forces and torques necessary to achieve a 

desired trajectory. As illustrated by this example, an inverse internal model can generate 

accurate motor behavior without sensory feedback, resulting in a pure feedforward 

solution for online motor control (Shadmehr and Krakauer, 2008).  

 One of the most important issues in motor control is the adaptation of the internal 

models as required to maintain motor accuracy in the presence of constant changes in the 
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input-output relationship of the components of the motor system. The effector response to 

the motor command is highly variable on very different time scales. For example, muscle 

fatigue or changes in the external world, like the wind blowing or walking on a slippery 

surface, changes the effector's response to motor commands over seconds while 

development and aging result in changes on a long timescale. These changes have to be 

appropriately incorporated into any internal model so that the predictions generated 

remain useful. We conclude that continual internal model updating is an essential feature 

of motor control.  

Crucial for understanding internal model plasticity is to determine whether the 

adaptation is driven by the motor corrections used to compensate for inadequate 

predictions and/or by error-related signals monitoring the prediction accuracy. Adaptation 

of saccadic gain occurs even in the absence of corrective eye movements (Wallman and 

Fuchs, 1998; Noto and Robinson, 2001).  This striking finding suggests that motor 

learning is driven by monitoring a prediction and not by the actual corrections. For both 

forward and inverse internal models, it has been hypothesized that the adaptation depends 

on "sensory prediction errors" that result from comparing an internal prediction of the 

outcome of a motor command to the sensory feedback. In forward internal model 

theories, motor learning is driven directly by sensory prediction error signals (Jordan and 

Rumelhart, 1992; Miall et al., 1993; Wolpert et al., 1995; Doya, 1999). Inverse internal 

model theories require an internal feedback controller that will issue an additional motor 

command to compensate for the difference between the desired and the estimated state. In 

the end, the motor command received by the effector will be a combination of the 

feedforward motor command issued by an inverse model and the compensatory motor 

command based on the error prediction. In this conceptualization the compensatory motor 

command is the error signal used to train the inverse model. A perfectly adapted inverse 

model would be capable of generating a motor command that could achieve the desired 

state, therefore eliminating the compensatory motor command based on the sensory 

prediction error. Therefore, both performance error signals measuring the accuracy of 
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motor behavior and the sensory prediction errors measuring the accuracy of the internal 

models are crucial in goal-directed movement control.               

 

Evidence for Internal Models                  

 Internal models provide a compelling computational framework for understanding 

the neural mechanisms required for online control of goal-directed motor behavior. There 

is considerable evidence supporting the hypothesis that the central nervous system 

implements such internal models, particularly from psychophysical studies. A prominent 

example is the anticipatory changes in grip forces during predictable manipulations 

(Johansson and Cole, 1992; Flanagan and Wing, 1997). As subjects held an object in 

their hands, predictable viscous and elastic loads were applied to the arm. In response, the 

grip force scaled to prevent slippage. Remarkably, the changes in the grip forces induced 

by adaptation occurred without any delay, showing that the online compensation does not 

use sensory feedback. These results can be understood using a combination of forward 

and inverse internal models acquired during motor adaptation. The inverse internal model 

generates a motor command necessary to achieve the desired trajectory.  The same motor 

command is used as input to a forward internal model that predicts the hand trajectory. 

This prediction of hand trajectory is finally used to determine the grasp force level 

(Kawato, 1999).  

 It also been hypothesized that internal models are involved in the high degree of 

coordination between different effectors required by most motor behaviors. For example, 

experiments requiring subjects to track a manually controlled target with smooth pursuit 

eye movements show that eyes track the target without delay, even in the presence of 

perturbing forces applied to the arm (Nanayakkara and Shadmehr, 2003). This type of 

hand-eye coordination requires intact arm proprioception (Scarchilli et al., 1999) and 

involves the cerebellum (Miall et al., 2001). These results suggest that a proprioception-

dependent prediction generated by an internal model of the arm is used to modulate the 



 

 7 

eye movement (Scarchilli et al., 1999). Additional evidence favoring the existence of 

internal models is provided by the adaptation of arm movements in the presence of novel 

force fields such as Coriolis forces in a rotating room (Lackner and Dizio, 1998; Lackner 

and Dizio, 1994) or the curl fields generated by a robotic manipulandum (Shadmehr and 

Mussa-Ivaldi, 1994; Thoroughman and Shadmehr, 1999). The learning of new dynamical 

properties of the motor system imposed by the force fields as well as the generalization of 

the adaptation beyond the motor space used during training (Shadmehr and Mussa-Ivaldi, 

1994) strongly support the hypothesis that the central nervous system (CNS) implements 

inverse internal models.     

 Internal model hypotheses are very useful in understanding the psychophysical 

observations at computational level. However, these hypotheses leave open the critical 

question whether internal models are implemented implicitly or explicitly by the CNS.  

An implicit implementation would be able to adequately describe and make useful 

predictions on motor behaviors based on computational concepts without direct 

identification of the neural structures supporting these computations. An explicit 

implementation requires identification of where and how specific computations are 

performed. Numerous studies provide support for an explicit implementation. For 

example, a computational model capable of generating optimal solutions for goal-

directed motor behaviors will require four different steps: 1) cost and reward evaluation, 

2) adjustment of sensorimotor feedback loops to optimize performance, 3) prediction of 

the sensory consequences of the motor command, and 4) a comparison between the 

predicted sensory consequences and actual sensory feedback (Shadmehr and Krakauer, 

2008). The basal ganglia are involved with both cost evaluation (Mazzoni et al., 2007) 

and reward association (Packard and McGaugh, 1992) and have been implicated in the 

cost-reward processing of step 1 (Shadmehr and Krakauer, 2008). Motor and premotor 

areas of the cortex could implement different feedback gains for visual and 

proprioceptive states (Shadmehr and Krakauer, 2008), consistent with step 2. While many 

investigators have argued that the cerebellulm acquires and stores internal models 
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(Shidara et al., 1993; Shadmehr and Holcomb, 1997; Ghahramani and Wolpert, 1997; 

Kawato, 1999; Imamizu et al., 2000), a more refined view supports that the cerbellum’s 

role is to predict the sensory consequences of a motor command (Miall et al., 1993; 

Wolpert et al., 1995; Robinson, 1975; Wolpert and Ghahramani, 2000; Shadmehr et al., 

2010) as required by step 3. Evidence for this hypothesis is based on psychophysical, 

imaging and electrophysiological experiments in both cerebellar patients and healthy 

subjects as well as non-human primates. Finally, superior parietal lobule lesions degrade 

the proprioceptive estimate of arm position both in humans (Wolpert et al., 1998a) and 

non-human primates (Rushworth et al., 1997). Also, disruption of parietal cortex function 

impairs the ability to reset the goal state online both in chronic patients (Grea et al., 2002) 

and healthy subjects (Desmurget et al., 1999). These results are consistent with step 4 and 

suggest that the parietal cortex is involved in determining sensory prediction errors by 

integrating the internal state prediction with the actual state information provided by 

sensory feedback (Shadmehr et al., 2010; Shadmehr and Krakauer, 2008).  

 

Internal models in the cerebellum 

Evidence from psychophysical experiments 

 Patients with cerebellar dysfunction fail to adapt to repeated external force field 

exposure, suggesting that the cerebellum is involved in the acquisition of internal models 

of the limb (Maschke et al., 2004).  Also, patients with cerebellar damage fail to modify 

the motor commands to compensate for errors that occurred in previous trials implying 

that the cerebellum is involved in updating an inverse model of the limb (Smith and 

Shadmehr, 2005). The failure to adapt to visuomotor transformations observed in patients 

with cerebellar dysfunction has been interpreted as consistent with the cerebellum being 

the locus of acquisition and storage of internal models (Weiner et al., 1983; Martin et al., 

1996). Moreover, different regions of the cerebellar cortex appear to be involved with 

different internal models. For example, visuomotor transformations are associated with 
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intermediate posterior cerebellum, consistent with a forward model, while the 

intermediate anterior and lateral regions are associated with force control (Rabe et al., 

2009), suggesting inverse model implementation. However, electrophysiological studies 

would argue strongly against the latter (Roitman et al., 2005; Pasalar et al., 2006). Most 

of the above observations support the hypothesis that the cerebellum can acquire and 

store multiple internal models (Kawato and Wolpert, 1998; Wolpert et al., 1998b; 

Wolpert and Ghahramani, 2000; Kawato et al., 2003; Yamamoto et al., 2007).  

 Complex motor behaviors, such as walking on a split treadmill at different speeds 

for each leg, require multiple types of adaptation processes. For example, in split 

treadmill experiments locomotion parameters such as stride length or stance time are 

adjusted through sensory feedback while other parameters such as step length and time or 

double support are adjusted through a feedforward, practice-dependent adaptation process 

(Reisman et al., 2005; Morton and Bastian, 2006). Remarkably, patients suffering from 

cerebellar pathology show selective impairment of the feedforward adaptation while 

conserving feedback-related adaptation (Bastian, 2006; Morton and Bastian, 2006). 

Similar selective degrading of predictive adaption while conserving feedback adaptation 

has been observed in patients with cerebellar dysfunction across a wide variety of motor 

behaviors, including reaching in force fields (Smith et al., 2000; Smith and Shadmehr, 

2005), grasping with perturbations (Nowak et al., 2004), ball catching (Lang and Bastian, 

1999), and balancing on a platform (Horak and Diener, 1994). These results suggest that 

a forward internal model is implemented in the cerebellum.  

 Cerebellar implementation of internal models is also strongly supported by 

evidence from eye movement experiments, extending this theoretical framework across 

different effectors and motor behaviors. As described above, saccades are too brief and 

fast to allow sensory feedback during the movement (Keller and Robinson, 1971; 

Shadmehr et al., 2010). Saccade amplitude is accurate in healthy subjects despite the high 

variability of the motor commands related to reward, attention or repetition (Takikawa et 

al., 2002; Golla et al., 2008; Xu-Wilson et al., 2009). Conversely, patients with cerebellar 
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dysfunction fail to maintain saccadic accuracy during repetitive eye movements to follow 

a visual target (Golla et al., 2008; Xu-Wilson et al., 2009), indicating that the 

compensatory neural processes are located in the cerebellum. Maintaining motor 

accuracy without sensory feedback is possible if the cerebellum receives an efference 

copy of the motor command and generates an internal feedback signal predicting eye 

movement kinematics (Robinson, 1975; Shadmehr et al., 2010), as postulated by the 

forward internal model hypothesis. 

 Evidence that adaptation of saccadic gain depends on a prediction of the outcome 

of the motor command strongly supports the hypothesis that motor learning is driven by 

sensory prediction errors (Wong and Shelhamer, 2011b). During center-out reaching with 

a visual rotational transformation, the mismatch between expected motor consequences 

and actual sensory feedback drives motor adaptation, improving sensory prediction errors 

at the cost of decreasing task performance, even in the absence of explicit task errors 

(Mazzoni and Krakauer, 2006). Moreover, adaptation based on sensory prediction errors 

requires intact cerebellar function for both saccades (Wong and Shelhamer, 2012) and 

reaching movements (Tseng et al., 2007). Patients with cerebellar damage required to 

trace a circle show increasing motor deficits at higher speeds or when provided with a 

visual timing cue (Bo et al., 2008). These results show that increased reliance on 

sensorimotor prediction is associated with degraded motor performance in cerebellar 

patients, further support for the hypothesis that cerebellar processing of sensory 

prediction error signals is essential in updating internal models. 

Evidence from TMS and functional imaging  

 Studies of healthy subjects using non- invasive investigation methods such as 

functional imaging and transcranial magnetic stimulation (TMS) provide additional 

insights into the role of the cerebellum in motor control. The cerebellum is strongly 

engaged with motor performance errors during learning of visuomotor transformations or 

adaptatation to force fields (Flament et al., 1996; Imamizu et al., 2000; Diedrichsen et al., 

2005; Grafton et al., 2008). Significant cerebellar activation was observed post-
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adaptation to both external force fields (Shadmehr and Holcomb, 1997) and rotational 

visuomotor transformations (Imamizu et al., 2000; Krakauer et al., 2004; Criscimagna-

Hemminger et al., 2010). The cerebellum is also activated during a grasping task 

designed to engage internal models (Bursztyn et al., 2006). These results indicate that the 

cerebellum is involved in acquiring and storing of internal models that describe new 

dynamics or sensorimotor mappings. 

Using movements of different effectors is often required to perform motor 

behavior. Theoretically, it is possible to control such a sequence either by precise timing 

of the movements based on an internal representation of time, or by using state-dependent 

processes in which motor commands for one effector are dependent on states of another 

(Mauk et al., 2000). An experiment designed to study these possibilities required subjects 

press a button using the thumb at a precise time relative to an arm movement 

(Diedrichsen et al., 2007). When these movements were performed in a non-overlapping 

temporal sequence, motor control appears to be based on an internal evaluation of time 

intervals. In contrast, when the movements overlapped, control of the thumb appears to 

be based on an estimation of the arm state. Functional imaging shows a preferential 

activation of the cerebellum during the task requiring estimation of the arm state 

(Diedrichsen et al., 2007). Another experiment, designed to reveal the interaction 

between kinematic predictions and motor commands, required the subjects to randomly 

interrupt a lateral movement to execute a fast reaching movement toward a fixed target 

(Miall et al., 2007). Disrupting the ipsilateral cerebellum by TMS just prior to initiating a 

reach significantly increased both initial direction and end point errors. The TMS-induced 

errors are consistent with planning the reaching movement based on the state of the arm 

that is approximately 140 ms out of date, thus providing an estimation for the cerebellar 

prediction time interval (Miall et al., 2007). Together, these findings strongly support the 

hypothesis that the cerebellum provides an internal forward model predicting the 

effector's kinematics.  
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 Functional imaging reveals that cerebellum activation during motor adaptation 

and long-term motor learning consolidation is part of a larger network that includes 

cortical and subcortical structures. Motor cortical areas are co-activated with the 

cerebellum in error processing (Diedrichsen et al., 2005; Grafton et al., 2008), engaging 

internal models (Bursztyn et al., 2006), during learning of visuomotor transformations 

(Krakauer et al., 2004; Criscimagna-Hemminger et al., 2010), and long-term 

consolidation of adaptation (Shadmehr and Holcomb, 1997). Moreover, subcortical 

structures such as basal ganglia and thalamus are activated during adaptation to 

visuomotor transformations (Krakauer et al., 2004; Criscimagna-Hemminger et al., 

2010). Activation in relation to performance error processing and during early stages of 

motor adaptation provides evidence that the cerebellum is involved in the formation of 

new internal models. Also, the cerebellum is suggested to be involved in storing 

established internal models by activation related to long-term post motor adaptation 

(Brashers-Krug et al., 1996; Shadmehr and Holcomb, 1997; Imamizu et al., 2000). 

Studies provide some contradictory results regarding the question whether forward or 

inverse internal models are implemented in the cerebellum (Ostry and Feldman, 2003; 

Pasalar et al., 2006; Yamamoto et al., 2007; Ebner and Pasalar, 2008). However, co-

activation of additional neural structures in the context of motor learning raises the 

possibility that not all the computational aspects of internal models are implemented in 

the cerebellum. Studies using different methods, such as single unit electrophysiology, 

are necessary to provide more specific and direct details of cerebellar information 

processing. 

Evidence from electrophysiological studies      

One of the first explicit hypotheses on cerebellar implementation of an internal 

model was that the transformation of the desired trajectory into the motor command is 

performed at the mossy fiber - parallel fiber – Purkinje cell circuitry (Kawato, 1999). 

Acting as an inverse internal model, mossy fiber inputs were postulated to convey the 

desired trajectory and the Purkinje cell output to encode the feedforward motor command 
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(Kawato, 1999). This hypothesis predicts that Purkinje cell simple spike activity should 

be strongly corelated with muscle activity or the forces generated (Gomi et al., 1998; 

Schweighofer et al., 1998; Thoroughman and Shadmehr, 1999). Purkinje cell recordings 

in the ventral paraflocculus/flocculus during eye movements in monkeys provided the 

first tests of this hypothesis (Shidara et al., 1993; Gomi et al., 1998; Kobayashi et al., 

1998). In these studies both simple spike and complex spike activity were successfully 

reconstructed using a linear combination of eye movement kinematics including position 

velocity and acceleration that lagged the neural activity by 7 ms. These results were 

interpreted as the contribution of the Purkinje cells to the eye motor command, assuming 

that eye position, velocity and acceleration represent the elastic, viscous and inertial 

forces, respectively, generated by eye movement. However, this study did not eliminate 

the possibility that Purkinje cell discharge encodes the kinematics rather than the 

dynamics of eye movement (Ostry and Feldman, 2003; Ebner and Pasalar, 2008). Thus, 

Purkinje cell activity could just as easily signal eye kinematic parameters, and therefore 

be more consistent with a forward internal model (Leung et al., 2000; Medina and 

Lisberger, 2007; Lisberger, 2009).  

The hypothesis that Purkinje cell discharge signals motor commands was also 

studied in the context of arm and hand movements. Grasping tasks revealed only a weak 

correlation of Purkinje cell simple spike firing with grasping force and only in a small 

subpopulation of Purkinje cells (Smith and Bourbonnais, 1981; Espinoza and Smith, 

1990; Mason et al., 2006). Similarly, in a task that required reaching to and pushing of a 

button, only a very small percentage of the simple spike activity variability could be 

resolved by the muscle activity (Holdefer and Miller, 2009). Moreover, during visually 

guided tracking tasks, the simple spike discharge correlates stronger with arm kinematics 

than with arm muscle EMG activity (Coltz et al., 1999; Roitman et al., 2005).  

 Two recent arm movement studies directly tested whether Purkinje cells carry 

signals consistent with an inverse model. In the first study, transient changes in Purkinje 

cell activity when switching from resistive to assistive loads during elbow movements 
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was interpreted as evidence that the cerebellum implements an inverse internal model 

(Yamamoto et al., 2007). However, this study failed to show that these transient changes 

in simple spike activity encode the arm dynamics as expected from the output of an 

inverse dynamics model by failing to systematically vary the magnitude of the loads.  

Most previous studies testing whether the Purkinje cell firing encodes motor 

commands or effector kinematics failed to account for the covariance between dynamic 

and kinematic parameters (Marple-Horvat and Stein, 1987; Fu et al., 1997; Stone and 

Lisberger, 1990; Shidara et al., 1993). Therefore, in the second study, to disassociate the 

arm kinematics from arm dynamics, monkeys were trained to manually track a target 

moving on a circular trajectory in the presence of either viscous or elastic force fields 

(Pasalar et al., 2006). Similar arm kinematics were generated under very different 

dynamic constraints, therefore being able to unambiguously separate kinematics and 

dynamics during arm movements. Hand forces and EMG activity scaled appropriately 

with the loads and dramatically changed their patterns of modulation under viscous and 

elastic force fields, while arm kinematics, including path and speed, were invariant. 

Remarkably, the simple spike activity of the vast majority of Purkinje cells recorded in 

the intermediate and lateral cerebellum was also invariant with the force fields. These 

results are in strong conflict with the hypothesis that Purkinje cell firing encodes the 

output of an inverse internal model that generates feedforward motor commands 

(Kawato, 1999). 

 The alternative hypothesis is that Purkinje cell activity encodes the output of a 

forward internal model as suggested by the patient, imaging and TMS studies reviewed 

above. During arm moving tasks, simple spike activity of Purkinje cells in the 

intermediate and lateral cerebellum is correlated to arm kinematic parameters including 

position, speed, direction and amplitude of movement (Fu et al., 1997; Coltz et al., 1999; 

Roitman et al., 2005; Pasalar et al., 2006; Hewitt et al., 2011). Moreover, the neural 

activity tends to precede the limb movements, consistent with predicting the future arm 

states as required by the forward internal model hypothesis, across a variety of tasks 
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including visually guided tracking (Roitman et al., 2005; Hewitt et al., 2011)and center-

out reach (Marple-Horvat and Stein, 1987; Fu et al., 1997). Similar results were obtained 

by studying the simple spike activity of floccular Purkinje cells during ocular smooth 

pursuit (Stone and Lisberger, 1990; Shidara et al., 1993; Medina and Lisberger, 2009; 

Gomi et al., 1998). Together, these results suggest that Purkinje cell discharge predicts 

effector kinematics. Importantly, the encoding of kinematic parameters by simple spike 

discharge generalizes across different motor behaviors. For example, the representations 

of the arm kinematics determined during circular tracking, which is a visually guided 

task, accurately predicted the simple spike discharge during the target intercept period, 

which is a fast, ballistic type movement (Roitman et al., 2005). Similarly, the kinematic 

representations determined during the random tracking paradigm could accurately 

reconstruct the simple spike discharge in both circular and center out paradigms (Hewitt 

et al., 2011).  

Historically, the role of the cerebellum was studied in the context of motor 

behavior. However, extensive projections between the cerebellum and prefrontal and 

parietal cortices (Sasaki et al., 1976; Middleton and Strick, 2000; Strick et al., 2009) 

suggest that the cerebellum functions in a more general context. Recent studies provide 

evidence for cerebellar involvement in cognitive functions (Leiner et al., 1986; 

Schmahmann, 1991; Schmahmann, 1991). One interesting speculation is that the internal 

models implemented in the cerebellum could be also applied to non-motor mental 

representations (Ito, 2008). 

 

Error Signals in the Cerebellum 

Error processing has been a long-standing hypothesis of cerebellar function, even 

before the internal model theories were articulated (Oscarsson, 1980).  There is a long 

history of studies focused on identifying error-related signals in cerebellar activity. The 

dominant hypothesis is that the error signals are encoded by the complex spike discharge 
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of Purkinje cells (Oscarsson, 1980; Ito, 2000). The strongest argument in favor of this 

hypothesis is the complex spike modulation that occurs with retinal-slip during eye 

movements (Graf et al., 1988; Kobayashi et al., 1998; Barmack and Shojaku, 1995). End 

point errors during reaching also modulate the complex spike discharge (Kitazawa et al., 

1998). Increased complex spike activity is associated with learning of a predictable 

redirection of target during a smooth pursuit task (Medina and Lisberger, 2008) as well as 

with redirection of reaching (Kim et al., 1987), unexpected loads (Gilbert and Thach, 

1977), and adaptation to visuomotor transformations (Ojakangas and Ebner, 1994). These 

performance error signals were hypothesized to be involved either in the online motor 

control process (Ebner and Bloedel, 1987; Bloedel, 1992) or in the long term plasticity of 

the cerebellar circuitry (Ito, 2001; Kawato, 1996; Marr, 1969; Thach, 1998). However, 

the presence of error signals in complex spikes has been challenged by experiments that 

found no relationship between motor errors and complex spike discharge. Complex spike 

modulation could not be related to direction or speed errors during center-out reaching 

(Ebner et al., 2002), nor to eye movement related errors during saccades (Catz et al., 

2005) or smooth pursuit (Dash et al., 2010). Also, perturbations and performance errors 

during reaching experiments in cats failed to induce responses in the inferior olive 

neurons, the origin of the climbing fiber projection (Horn et al., 1996).  

This leaves the question of whether simple spike discharge encodes performance 

errors. There is only very limited information related to simple spike signaling of motor 

errors. In a reaching task, the simple spike activity was modulated with the trial success 

or failure (Greger and Norris, 2005). During circular tracking, simple spike discharge was 

correlated with direction and speed errors, consistent with motor error feedback (Roitman 

et al., 2009). Although the error parameters were not statistically independent from the 

task kinematics, the latter results suggest the possibility that simple spike activity encodes 

error related signals in addition to kinematic parameters. Instructive signals in the simple 

spike firing contribute to cerebellar-dependent learning in the vestibulo-ocular reflex (Ke 
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et al., 2009). Clearly, what is needed are studies designed to examine if the simple spike 

firing represents errors while rigorously separating error from kinematic encoding.   

 

Hypotheses           

  As described above, error processing is a central component of goal-directed 

motor behavior. Motor control theories based on internal models have identified different 

types of errors. The first type are performance errors, describing the divergence between 

the desired and the actual outcomes of the motor commands, requiring online, fast and 

precise corrections in order to obtain the necessary motor behavior accuracy. The second 

type are sensory predictions errors obtained by combining an internal prediction and the 

sensory feedback of a state variable, that are essential in maintaining the internal model 

accuracy in the presence of changes in the effectors' input-output relationships. As 

reviewed above, a long standing assumption is that cerebellum is involved in detection 

and correction of errors with indirect evidence supporting cerebellar processing of both 

performance errors and sensory prediction errors. To directly test the cerebellar 

involvement in error processing, I examined extracellular recordings from Purkinje cells 

of rhesus monkeys tracking a randomly moving target. This paradigm requires 

continuous error processing and allowed testing three hypotheses.  

 The first hypothesis is that performance errors can be described by variables 

relevant to the task that are independent of kinematic parameters.  

 The second hypothesis is that the Purkinje cell simple spike discharge encodes the 

performance error variables in addition to kinematic parameters.  

 Finally, the third hypothesis assumes that the simple spike encoding of the 

individual error performance variables includes both predictive and feedback signals that 

are consistent with the requirement of sensory prediction errors. 
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CHAPTER II: ENCODING ERROR SIGNALS IN PURKINJE CELL SIMPLE 

SPIKE FIRING 

 

Introduction 

Detecting and correcting performance errors are essential to fine tune motor 

behavior, including on- line control and motor adaptation (Shadmehr et al., 2010; 

Berniker and Kording, 2008; Todorov and Jordan, 2002). Early concepts focused on 

closed loop control in which the ongoing motor commands are updated by sensory 

feedback (Miall and Wolpert, 1996). However, closed loop control using delayed 

feedback can be inadequate and even unstable (Kawato, 1999; Miall and Wolpert, 1996; 

Wolpert and Ghahramani, 2000; Bhushan and Shadmehr, 1999). Forward internal models 

provide a solution to the problem of long feedback delays by predicting the sensory 

consequences of a motor command (Miall et al., 1993; Wolpert et al., 1995; Robinson, 

1975; Wolpert and Ghahramani, 2000; Shadmehr et al., 2010; Tseng et al., 2007).  The 

difference between the prediction and the sensory feedback, a sensory prediction error, 

can be used to control movements and facilitate motor adaptation (Miall and Wolpert, 

1996; Wolpert and Ghahramani, 2000; Shadmehr et al., 2010).  

A long standing hypothesis is that the cerebellum detects and corrects for errors 

(Oscarsson, 1980). Error processing is a central component of many hypotheses of 

cerebellar function, including motor learning (Gilbert and Thach, 1977; Marr, 1969; Ito, 

2002) and providing internal models (Wolpert et al., 1998b; Kawato, 1999; Shadmehr et 

al., 2010; Shadmehr and Krakauer, 2008).  It has been hypothesized that the cerebellum 

computes sensory prediction errors (Miall and Wolpert, 1996; Tseng et al., 2007; 

Shadmehr et al., 2010).  Error-related activation occurs in the cerebellum during the 

learning of visuomotor transformations or force fields (Diedrichsen et al., 2005; Imamizu 

et al., 2000; Ide and Li, 2011). Cerebellar damage results in deficits in adapting limb and 

eye movements, and impairs a patient’s ability to learn from movement errors (Xu-
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Wilson et al., 2009; Maschke et al., 2004; Criscimagna-Hemminger et al., 2010; Morton 

and Bastian, 2006; Smith and Shadmehr, 2005; Martin et al., 1996).  Processing errors 

appear to be integral to cerebellar function. 

Error signals in the cerebellum are generally thought to be transmitted by 

climbing fiber input. Complex spike discharge is associated with errors during eye 

movements (Graf et al., 1988; Kobayashi et al., 1998; Barmack and Simpson, 1980; 

Soetedjo and Fuchs, 2006; Medina and Lisberger, 2008). During arm movements, 

complex spikes modulate with perturbations (Gilbert and Thach, 1977; Wang et al., 

1987), adaptation to visuomotor transformations (Ojakangas and Ebner, 1994), and end 

point errors (Kitazawa et al., 1998). Whether Purkinje cell simple spike discharge 

encodes errors has received less attention.  However, instructive signals in the simple 

spike firing contribute to cerebellar-dependent learning in the vestibulo-ocular reflex (Ke 

et al., 2009).  Learning-related plasticity in the vestibular/cerebellar nuclei also suggests 

that simple spike firing encodes errors (Ohyama et al., 2006; De Zeeuw and Yeo, 2005; 

Lisberger et al., 1994).  During arm movements, simple spike activity modulates with 

trial success or failure (Greger and Norris, 2005) and correlates with several error 

measures (Roitman et al., 2009).  However, in the latter study, the error parameters 

evaluated were not independent of arm kinematics. The present study examines 

performance error encoding in the simple spike firing of Purkinje cells in lobules IV-VI. 

We report that simple spike discharge signals both prediction and feedback about errors 

that are independent of the kinematics encoded.  

 The content of this chapter has been published in the Journal of Neuroscience 

(Popa LS, Hewitt AL, Ebner TJ Predictive and feedback performance errors are signaled 

in the simple spike discharge of individual Purkinje cells. J. Neurosci 2012 Oct 31; 

32(44):15345-58. doi: 10.1523/JNEUROSCI.2151-12.2012. ).  
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Materials and Methods  

I would like to acknowledge that the data was collected by Siavash Pasalar and 

Angela Hewitt. All animal experimentation was approved by the Institutional Animal 

Care and Use Committee of the University of Minnesota and conducted in accordance 

with the guidelines of the National Institutes of Health.  

Random tracking 

This study utilized a previously described random tracking task (Hewitt et al., 

2011) and, therefore, the paradigm is only briefly detailed here. Two rhesus monkeys 

(Macaca mulatta;  female 6.3 kg;  male 6.2 kg) were trained to track a randomly moving 

target (3 cm diameter) on a vertical screen (12 x 12 cm, positioned 50 cm in front of the 

animal) using a robot manipulandum (In Motion 2, Interactive Motion Inc., Boston, MA) 

with 2 degrees of freedom in the horizontal plane. Visual feedback was provided by a 

“+”-shaped cursor (0.5 x 0.5 cm). During the paradigm, the monkey needed to maintain 

the cursor within the target. Due to the task difficulty, however, brief excursions (< 500 

ms) outside the target were allowed. The paradigm started with an initial hold inside a 

stationary target for a random period of time (1000 – 2000 ms).  The initial target 

position on the screen was also random.  Next, the target moved along a 6-10 s trajectory 

selected randomly from 100 trajectories defined a priori. Generated using the sum of 

random sine waves (Imamizu et al., 2000; Paninski et al., 2004), the trajectories were 

low-pass filtered and selected to avoid sharp turns and large changes in speed. Target 

speed was controlled by the two-thirds power law, speed = cK-1/3, where K is the path 

curvature and c is a constant chosen so that the average speed was approximately 4 cm/s 

(Viviani and Terzuolo, 1982; Lacquaniti et al., 1983). The trajectory ended with a final 

hold period of 1000 ms during which the target was stationary. 
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Surgical procedures, electrophysiological recordings and data collection 

Head restraint hardware and a recording chamber targeting lobules IV-VI of the 

intermediate and lateral cerebellar zones were chronically implanted over the ipsilateral 

parietal cortex in each animal using aseptic techniques and full surgical anesthesia 

(Hewitt et al., 2011). The positions of the electrodes were confirmed by radiographic 

imaging techniques that combined a CT scan of the skull with an MRI of the cerebellum 

(Hewitt et al., 2011).  

Purkinje cells were recorded extracellularly after the animal’s full recovery, 

using quartz-platinum/tungsten single microelectrodes (1-2 MΩ impedance;  Thomas 

Recording, Germany).  When searching for a cell, the animal was sitting quietly and not 

performing any task. Purkinje cells were identified by the presence of complex spikes 

(Thach, 1968; Ojakangas and Ebner, 1992; Fu et al., 1997; Roitman et al., 2005; Hewitt 

et al., 2011).  However, the recordings focused on optimizing the simple spike 

discrimination due to the long time period required to complete the paradigm. The spike 

trains and the raw electrophysiological data were digitized and stored to disk at 1 kHz 

and 32 kHz, respectively. For analyses, the spike trains were transformed to an 

instantaneous firing rate with 20 ms binning using the fractional intervals method and 

then low pass filtered (12th order Butterworth with 12 Hz cut-off). The fractional intervals 

method is a common technique used to determine the instantaneous firing rate in equal 

bins based on the inverse of the interspike intervals. The method accounts for incomplete 

(i.e., fractional) intervals that occur at the start and end of each bin (Schwartz, 1992; 

Reina et al., 2001; Taira et al., 1996).  For display and analyses, the mean firing rate for 

each trial was subtracted from the instantaneous firing rate.  

Target center and cursor positions were sampled and stored at 200 Hz. All other 

kinematic and error variables were derived from the position data (Roitman et al., 2005; 

Pasalar et al., 2006).  Similar to the firing data, the kinematic and error parameters were 

also down sampled to 50 Hz and filtered (low pass 12th order Butterworth with a 12 Hz 
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cut-off).   The analyses evaluating the relation among the simple spike firing and the 

behavioral variables were restricted to the tracking period. 

Behavioral Analysis: Task errors and kinematic parameters 

Although several error terms were evaluated, four parameters were selected based 

on an initial assessment of the simple spike modulation and the need for independence 

between these error terms and hand kinematics (see below).  The error parameters were 

based on the instantaneous relationships between the cursor (c), which mapped the hand 

movement onto the screen, and the target center (tg) (Fig. 1A). The two position errors, 

XE and YE, were defined as the differences between cursor (Xc, Yc) and target (Xtg, Ytg) 

center: 

XE(t) = Xc(t) – Xtg(t)         (1) 

YE(t) = Yc(t) – Ytg(t)         (2) 

The radial error, RE, was defined as the distance between the cursor and target center: 

RE(t) = (XE(t)2 + YE(t)2)1/2        (3) 

We also defined the position direction error, PDE, that is the direction the hand needs to 

move to return to the target center.  Formally, the PDE is the difference between the 

cursor movement direction and the direction of the position error vector:  

PDE(t) = atan(VYc(t) / VXc(t)) - atan(YE(t) / XE(t))            (4) 

in which VXc and VYc are the cursor velocity components obtained by numerical 

differentiation of the corresponding position data. A PDE of 180º shows that the hand is 

moving from its current position directly toward the target center and a PDE of 0º shows 

the hand is moving away from the target center. 

The probability density function for each error was determined across all 

recording sessions for both monkeys.  Probability density functions were determined by 

binning the area over which the error could occur and calculating the probability for each 

bin.  For XE and YE, we used a two dimensional grid (6.0 X 6.0 cm2) centered on the 
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target center (0, 0) that was partitioned into 0.15 X 0.15 cm2 bins.  RE spanned from 0 to 

3.2 cm to accommodate errors well beyond the 1.5 cm target radius. RE was partitioned 

into 0.05 cm bins that divided the target space into concentric rings of 0.05 cm width.  

Note that the areas of the rings increase as the distance from the center increases.  PDE 

spanned from 0º to 360º and was divided into 5º bins. 

Linear modeling of simple spike firing based on firing residuals 

The key aim of this study is to assess the simple spike firing modulation with the 

error parameters described above. Quantification of the simple spike firing involved 

several levels of linear regression models including: 1) examining each error parameter in 

isolation in a simple linear regression, 2) validating the independence of the model 

parameters, and 3) incorporating the error parameters into a single, multi- linear model. 

However, our previous study using the same random tracking task demonstrated that the 

simple spike discharge is also highly modulated by movement kinematics (Hewitt et al., 

2011). Specifically, simple spike firing modulates with hand position (P), velocity (V), 

and speed (S). We refer to this as the PVS model. Several other studies have documented 

similar encoding of kinematics during arm movements (Coltz et al., 1999; Fortier et al., 

1989; Marple-Horvat and Stein, 1987; Roitman et al., 2005). Therefore, it is essential to 

demonstrate that the simple spike discharge encodes the error parameters independent of 

the kinematics. It is also essential to demonstrate that encoding of individual error 

parameters is mutually independent (e.g. modulation with XE is independent of YE, RE 

and PDE).  We approached this issue of independence by regressing the parameters of 

interest against the relevant firing residuals. 

To evaluate single error parameters, firing residuals (FRs) were first obtained 

from a multi- linear model that included the PVS model terms and the remaining error 

parameters. The PVS parameters are defined by the cursor movements and include: 

position (Xc and Yc), velocity (VXc and VYc) and speed ((VXc)2 + VYc)2)1/2. As an 

example, the firing residuals needed to evaluate XE independent of the other error terms 

and kinematics are obtained by regressing actual firing (F) to this multi- linear model: 
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F(t) = ßo(τ) + ßXc(τ)Xc(t - τ) + ßYc(τ)Yc(t - τ) + ßVXc(τ)VXc(t - τ) + ßVYc (τ)VYc(t - τ) 

+ ßSc(τ)Sc(t - τ) + ßYE(τ)YE(t - τ) + ßRE(τ) RE(t - τ) + ßsPDE(τ) sin(PDE(t - τ))                    

+ ßcPDE(τ) cos(PDE(t - τ)) + ε(t - τ)              (5)                                                                                    

The purpose of this regression is to remove the variability in the firing related to 

the kinematics (PVS) and the complementary error parameters (YE, RE and PDE). The 

error term, ε, is the firing residuals and represents the remaining variability in the simple 

spike discharge.  All regressions used to obtain firing residuals (e.g. eqs. 5-7) were 

computed using the instantaneous firing and movement data from individual trials (i.e., 

non-averaged data).  Firing residuals were determined at each of the 20 ms time shifts (τ) 

between the simple spike firing and the model predictors in a -500 to 500 ms window.  

We denote the firing residuals from eq. 5 as FRτ
PVS, YE, RE, PDE(t). In this notation, the 

subscript refers to the regression parameters used initially to obtain the firing residuals 

and the superscript refers to the τ value at which the firing residuals were computed. 

Similarly, we computed the firing residuals FRτ
PVS, XE, RE, PDE(t), FRτ

PVS, XE, YE, PDE(t) and 

FRτ
PVS, XE, YE, RE(t), needed for the analysis of YE, RE and PDE, respectively. 

We also determined the firing residuals, FRτ
PVS(t), in which the firing variability related 

to kinematics was removed (eq. 6).  FRτ
PVS(t) was obtained from regressing the firing to 

the PVS model: 

F(t) = ßo(τ) + ßXc(τ)Xc(t - τ) + ßYc(τ)Yc(t - τ) + ßVXc(τ)VXc(t - τ) + ßVYc (τ)VYc(t - τ)        

+ ßSc(τ)Sc(t - τ) + ε(t - τ)                                                                                              (6) 

Finally, we computed the firing residuals, FRτ
ER(t), in which the firing variability 

related to the error parameters was removed by regressing the firing to the error 

parameters: 

F(t) = ßo(τ) + ßXE(τ) XE(t - τ) + ßYE(τ)YE(t - τ) + ßRE(τ) RE(t - τ)                                      

+ ßsPDE(τ) sin(PDE(t - τ)) + ßcPDE(τ) cos(PDE(t - τ)) + ε(t - τ)                            (7) 
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Analysis of simple spike firing modulation with individual task errors 

 Next, using a simple linear regression, the appropriate firing residuals were 

regressed to the individual error parameters:    

FRτ
PVS, YE, RE,  PDE(t) = ß0(τ) + ßXE (τ)  XE(t - τ) +  ε(t - τ)                                              (8) 

FRτ
PVS, XE, RE,  PDE(t) = ß0(τ) + ßYE(τ) YE(t - τ) +  ε(t - τ)         (9) 

FRτ
PVS, XE, YE,  PDE(t) = ß0(τ) + ßRE(τ) RE(t - τ) +  ε(t - τ)      (10) 

FRτ
PVS, XE, YE, RE(t) = ß0(τ) + ßsPDE(τ) sin(PDE(t - τ)) + ßcPDE(τ) cos(PDE(t - τ)) 

 + ε(t - τ)                                                                                                                       (11)  

The regression of the firing residuals on individual error parameters (eqs. 8-11) 

are denoted by: FRτ
PVS,YE, RE, PDE (XE(t)), FRτ

PVS,XE, RE, PDE (YE(t)), FRτ
PVS,XE, YE, PDE 

(RE(t)), and FRτ
PVS,XE,YE, RE (PDE(t)). The standard cosine model (eq. 11) was used to 

assess directional tuning with PDE (Georgopoulos et al., 1982; Amirikian and 

Georgopoulos, 2000). 

For the regressions fitting firing residuals (eqs. 8-11 and 17-18 below) or actual 

firing (eqs. 12-15 and 19 below) to the error models, the error space (XE, YE, RE, PDE) 

was partitioned in eight equal bins along each dimension ranging from -3 to 3 cm for XE 

and YE, 0 to 3.2 cm for RE and 0 to 360° for PDE. This partitioning resulted in 4096 

four-dimensional bins. Error parameters and neural data were sorted into these bins and 

averaged.  Therefore, the final regression step utilized averaging to increase the signal-to-

noise ratio as commonly employed in cerebellar single unit studies.  However, the 4096 

bins represents a much finer partitioning than used in most studies using averaging 

(Roitman et al., 2009; Coltz et al., 1999; Fortier et al., 1989; Marple-Horvat and Stein, 

1987; Gomi et al., 1998; Medina and Lisberger, 2009). 

All linear model analyses used repeated fittings in which the time series of neural 

firing (firing residuals or actual firing) was shifted relative to the model’s time series of 

independent variable(s) (Hewitt et al., 2011; Ashe and Georgopoulos, 1994; Roitman et 
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al., 2009; Medina and Lisberger, 2009; Gomi et al., 1998). The temporal shifts were used 

to assess the lead/lag (τ) between the neural signals and behavioral parameters (i.e., errors 

or kinematics). Temporal shifts ranged from -500 to 500 ms in 20 ms increments, with 

negative τ values representing that the neural signals lead the model regressors. 

Therefore, for each τ, a new regression based on the firing or firing residuals is 

computed.  As in other studies (Ashe and Georgopoulos, 1994; Hewitt et al., 2011; 

Medina and Lisberger, 2009; Gomi et al., 1998), τ does not add an additional degree of 

freedom. From the time shifted regressions, we generated temporal profiles for the 

coefficient of determination (R2) and the regression coefficients (βs) as functions of τ. 

The τ value at which an R2 profile achieved its maxima is referred to as the optimal τ. 

Significance was tested at each τ using the F-statistic with the degrees of freedom 

determined by the number of observations and the number of predictors. The Type 1 

error rate was set at α = 0.05. We imposed an additional threshold of R2 ≥ 0.02 for a 

significant fit.  

The βs from eqs. 8-10 were used as a measure of a Purkinje cell's firing sensitivity 

with XE, YE and RE, respectively. To compare the sensitivity among different 

parameters and across cells, standardized regression coefficients (βstd) were also 

determined (Rencher, 2000). For PDE (eq. 11), depth of modulation (DM) was defined as 

the amplitude of the best fit cosine and is given by DM = (ßsPDE
2 +  ßcPDE

2)1/2.  The 

preferred direction (i.e., the direction of maximal firing) was also determined using the 

coefficients ßsPDE and ßcPDE (eq. 11) (Georgopoulos et al., 1982; Amirikian and 

Georgopoulos, 2000).  

Validation of individual error models 

As noted above, a fundamental issue is whether the simple spike encoding of an 

error parameter is independent of the kinematics and the other error parameters.  

Therefore, additional regressions were performed.  We first compared the results based 

on the firing residuals for each error parameter (eqs. 8-11) with the regression results 

based on the actual firing (eqs. 12-15): 
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F(t) = ß0(τ) + ßXE(τ) XE(t - τ) +  ε(t - τ)                   (12) 

F(t) = ß0(τ) + ßYE(τ) YE(t - τ) +  ε(t - τ)        (13) 

F(t) = ß0(τ) + ßRE(τ) RE(t - τ) +  ε(t - τ)        (14) 

F(t) = ß0(τ) + ßsPDE(τ) sin(PDE(t - τ)) + ßcPDE(τ) cos(PDE(t - τ)) +  ε(t - τ)                (15)         

To demonstrate that the firing residuals lack contributions from the kinematics and the 

complementary error terms, “control” regressions were computed for each error term. 

The control regressions are used to demonstrate the effectiveness of removing 

information about specific parameters because the firing residuals were based on the non-

averaged data and the final regressions involved averaged data.  Two types of controls 

were determined.  The first type is referred to as a PVS control and was based on the 

firing residuals for an error parameter in which the contributions of the kinematics and 

complementary error parameters were removed. These firing residuals were fit to the 

PVS model. For example, the PVS control regression for XE is modeled at each τ as: 

FRτ
PVS, YE, RE, PDE (t) = ßo(τ) + ßXc(τ)Xc(t - τ) + ßYc(τ)Yc(t - τ) + ßVXc(τ)VXc(t - τ)            

 + ßVYc (τ)VYc(t - τ) + ßSc(τ)Sc(t - τ) + ε(t - τ)                                                   (16)                                     

Therefore, eq. 16 tested whether any kinematic variability remained in the firing residuals 

used to assess the modulation with respect to XE (eq. 8). Similar PVS control regressions 

were performed for each error term.  

The second type of control regression assessed for an error parameter whether the 

firing residuals contained any information related to the complementary error terms. 

Referred to as the error control regression, for XE it is modeled as: 

FRτ
PVS, YE, RE, PDE (t - τ) = ßo(τ) + ßYE(τ) YE(t - τ) + ßRE(τ) RE(t - τ)                                    

+ ßsPDE(τ) sin(PDE(t - τ)) + ßcPDE(τ) cos(PDE(t - τ)) +  ε(t - τ)                                    (17)                   

Therefore, eq. 17 evaluated whether any firing variability related to YE, RE, and PDE 

remained in the firing residuals used to assess the modulation with respect to XE (eq. 8). 

Similar error control regressions were performed for each error term.   
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Because the PVS control regressions fitted neural data to the PVS model, the 

kinematic space (Xc, Yc, VXc, VYc, Sc) was partitioned into five equal bins along each 

dimension. Xc and Yc ranged from -6 to 6 cm, VXc and VYc ranged from -12 to 12 cm/s, 

and Sc ranged from 0 to 12 cm/s resulting in 3125 five-dimensional bins. Note this is the 

same binning used in our previous study that evaluated the simple spike firing with the 

PVS model (Hewitt et al., 2011). This partitioning was used for all regressions fitting 

firing residuals (eqs. 16, 20, 21, and 23) or firing (eq. 22) to the PVS model. 

Decoding of errors based on the linear regression results 

Using results from the linear regression analysis, we determined whether the 

simple spike firing accurately predicts errors at the population level. For each cell, all 

movement trials were randomly divided into training (80%) versus test (20%) trials.  For 

each cell the linear regression analyses were repeated for parameters XE, YE, and RE 

(eqs. 12-14) using only the training trials. For each parameter, only cells with a 

significant R2 peak at a negative τ value (predictive peak) were included in the population 

analysis. Using only test trials to compute the predicted errors, we inverted eqs. 12-14 at 

the τ value corresponding to the predictive peak. The predicted errors were then weighted 

by the ratio of the cell’s predictive R2 peak to the average of the predictive R2 peaks. For 

each error parameter the decoded and observed values were pooled across the cell 

population and sorted by the observed values into 20 equal bins spanning the parameter 

space (twice the resolution used for the original regression analyses). Bins were averaged 

to obtain both the error population code and the observed error values.  

Decoding of PDE followed a similar approach, but used a population vector 

analysis (Georgopoulos et al., 1982; Schwartz, 1993).  Again, training trials from 

significantly tuned cells were used to assess the τ value and the corresponding PDE 

directional tuning (i.e., preferred PDE unit vector derived from eq. 15) for each cell.  

Data from the test trials were sorted into 15o bins based on the observed PDE and 

averaged.  Matched firing data were shifted to correspond to the value compared to the 

predictive peak and also averaged.  For each bin (j) and cell (i) we computed a weight wi,j 
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= (Di,j - Di)/(Dmax - Di), where  Di,j is the mean firing rate of the bin j, Di is the geometric 

mean for cell i, and Dmax is the maximum of cell i. A population vector could then be 

calculated for each bin by averaging the preferred PDE unit vectors determined from the 

training trials weighted by the firing modulation during the test trials (wi,j). The direction 

of the population vector is the decoded PDE value in each bin. For each error parameter, 

the decoding analysis was performed 25 times, each time randomly selecting the training 

and test trials.  Final results are the averages of these 25 runs. 

Analysis of simple spike firing modulation with a multi-linear error model 

An analysis combined the error parameters into a single model, referred to as the 

multi- linear error (ER) model.  To determine the error-related modulation independent of 

kinematics, we used the firing residuals in which kinematic variability was removed, 

FRτ
PVS(t) (eq. 6). FRτ

PVS(t) was fit to the ER model: 

FRτ
PVS (t) = ßo(τ) + ßXE(τ)XE(t - τ) + ßYE(τ)YE(t - τ) +  ßRE(τ)RE(t - τ)                              

+ ßsPDE(τ) sin(PDE(t - τ)) + ßcPDE(τ) cos(PDE(t - τ))  +  ε(t - τ)                                    (18) 

The actual firing was also fit to the ER model:  

F(t) = ßo(τ) + ßXE(τ)XE(t - τ) + ßYE(τ)YE(t - τ) +  ßRE(τ)RE(t - τ)                                       

+ ßsPDE(τ) sin(PDE(t - τ)) + ßcPDE(τ) cos(PDE(t - τ))  +  ε(t - τ)                    (19) 

Note this is the same regression model used to generate the firing residuals, FRτ
ER(t) (eq. 

7). 

 We also computed a control regression to evaluate whether kinematic firing 

variability was completely removed from the firing residuals. The control regression, 

FRτ
PVS (PVS(t)), is defined as: 

FRτ
PVS (t) = ßo(τ) + ßXc(τ)Xc(t - τ) + ßYc(τ)Yc(t - τ) + ßVXc(τ)VXc(t - τ)                               

+ ßVYc (τ)VYc(t - τ) +  ßSc(τ)Sc(t - τ) + ε(t - τ)                                      (20) 

The ER models used only a single τ (eqs. 18-20).  As addressed before (Hewitt et 

al., 2011), it is computationally prohibitive to directly calculate a unique τ value for each 
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error parameter in a combined model.  Therefore, we used the regressions on the 

individual parameters (eqs. 8-11) as approximations for the contributions of each 

parameter with independent timing τ. To validate this assumption, the sum of the four 

individual error parameter R2 profiles was compared with the temporal profile of the ER 

model. The degree of similarity was quantified using the root-mean-square deviation 

(RMSD).  This analysis provided an additional test of the mutual independence of the 

error parameters. 

Analysis of the simple spike firing modulation with kinematics 

The final regression analysis assessed whether the previously reported kinematic 

encoding (Hewitt et al., 2011) is independent of the error parameters evaluated in this 

study. To evaluate this, the firing residuals in which error variability was removed, 

FRτ
ER(t) (eq. 7), were fit to PVS model: 

FRτ
ER (t) = ßo(τ) + ßXc(τ)Xc(t - τ) + ßYc(τ)Yc(t - τ) + ßVXc(τ)VXc(t - τ)                                

+ ßVYc (τ)VYc(t - τ) +  ßSc(τ)Sc(t - τ) + ε(t - τ)              (21)         

For comparison to the firing residuals results, the firing was also regressed to the PVS 

model: 

F(t) = ßo(τ) + ßXc(τ)Xc(t - τ) + ßYc(τ)Yc(t - τ) + ßVXc(τ)VXc(t - τ) + ßVYc (τ)VYc(t - τ)        

+ ßSc(τ)Sc(t - τ) + ε(t - τ)                                  (22) 

Again we note that this is the same regression model used to generate the firing residuals, 

FRτ
PVS(t) (eq. 6). 

Finally, we computed a control regression to evaluate whether firing variability 

with the error parameters was completely removed from the firing residuals, FRτ
ER(t). 

This regression, FRτ
ER (ER(t)), is defined as: 

FRτ
ER (t) = ßo(τ) + ßXE(τ)XE(t - τ) + ßYE(τ)YE(t - τ) +  ßRE(τ)RE(t - τ)                               

+ ßsPDE(τ + τ)sin(PDE(t - τ)) + ßcPDE(τ)cos(PDE(t - τ))  +  ε(t - τ)                               (23) 
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Results 

Behavioral analyses 

 

 

 

 

 

 

 

 

 

 

Figure 1. Task error definitions and behavioral analyses. A) Geometric representation of 
the position, distance and direction error parameters. The target (gray disc) moves on a 
pseudo-random trajectory (blue trace) and the cursor (red trace) tracks the target. The 
position errors, XE and YE, are the differences between cursor and target center 
coordinates. Radial error, RE, is the distance between cursor and target center. Position 
direction error, PDE, is the difference between the direction of the cursor movement and 
the direction of the error position vector defined by components XE and YE. B) 
Probability density in the position error space (XE, YE). White circle represents the 
target. C) Probability density distribution as a function of RE. The gray box denotes 
when the cursor was outside the target. D) Probability density distribution as a function 
of PDE. The probability density distributions in B-D are based on all trials of random 
tracking obtained during the Purkinje cell recordings from both monkeys. Only tracking 
period data is included. 

 

The probability density function for the four error parameters is illustrated in 

Figure 1 (B-D).  The highly symmetric probability densities for XE and YE show that the 

cursor has a maximal probability of being at the target center and there is no preference 
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for any quadrant. The probability density distribution for RE shows a gradual decrease 

with distance from the center (Fig. 1C).  For both position and distance errors, the low 

levels of probability beyond ±1.5 cm reflect brief excursions outside the target.  These 

excursions illustrate task difficulty and were permitted by the paradigm.  Across all 

recording sessions, the probability of being outside the target was 0.12.  PDE measures 

the divergence between the cursor position vector and cursor movement direction.  The 

mode of 173º indicates that the monkeys preferentially aim their movements toward the 

target center (Fig. 1D).  Therefore, the probability density functions for each error 

demonstrate that the monkey’s strategy is to track the target center, supporting the 

assumption that the error parameters are strongly related to task performance.   

Simple spike modulation with task errors 

The neuronal data consists of simple spike activity recorded from 120 Purkinje 

cells during the random tracking task.  This is the same population of cells used to 

document the kinematic signals encoded (Hewitt et al., 2011).  The present study 

establishes that the firing of these neurons is also simultaneously modulated by the four 

error signals. Figure 2 illustrates the encoding of both error and kinematic parameters for 

two example Purkinje cells.  The firing of each cell modulates strongly with position 

errors XE and YE (Fig. 2A and G).  The simple spike firing of cell 23 is maximal when 

the cursor is on the upper right quadrant of the target and cell 41 firing is greatest when 

the cursor is positioned on the left side of the target. Tuning with RE is also present for 

both Purkinje cells (Fig. 2B and H).  Cell 23 exhibits a linear increase in firing with RE 

and cell 41 a linear decrease.  The simple spike firing of cell 41 has well-defined tuning 

to PDE with the preferred direction at 194º (Fig. 2I). The discharge of cell 23 also 

exhibits significant directional tuning with its preferred direction at 151° (Fig. 2C). 

Simple spike firing of the same two Purkinje cells is significantly modulated with 

hand kinematic parameters as previously described (Hewitt et al., 2011). The simple 

spike firing of cell 23 has strong tuning with position (Fig. 2D) and velocity (Fig. 2E). 

The firing of cell 41 modulates strongly with velocity (Fig. 2K) and to a lesser extent 
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with position (Fig. 2J). Although the firing of cell 23 tends to increase with speed, neither 

cell has a statistically significant relationship between firing and speed (Fig. 2F and L).  

These examples highlight that Purkinje cell simple spike firing modulates with varying 

combinations of both kinematics and task performance errors.   

 

 

 

 

 

 

 

 

 

 

 
 

Figure 2. Purkinje cell simple spike modulation in relation to task errors and hand 
kinematics. A-C) Simple spike modulation for cell 23 is plotted in relation to task errors: 
XE and YE (A), RE (B) and PDE (C). Plots of the simple spike firing with each error 
parameter based on the optimal τ obtained using firing residuals (eqs. 8-11, see Fig. 3).  
D-F) Simple spike firing for cell 23 is plotted in relation to position, velocity and speed: 
XC and YC (D), VXC and VYC (E) and SC (F). Plots are at the optimal τ using the PVS 
model (eq. 22).  G-L) Similar plots of the simple spike firing with errors and hand 
kinematics for cell 41. For the plots of firing to RE, PDE, and speed, the averaged firing 
(± S.E.M.) and the best fit regression line are plotted. The simple spike modulation is 
plotted relative to the mean firing (see Methods).  White boxes in the position error plots 
(XE and YE) indicate bins with no data points. For both cells, the simple spike 
modulation is significant (p<0.001) for all parameters except for the speed (F and L, 
p>0.05). White circles in A and G represent the target. 
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Fit of firing to individual error parameters 

As described in the Methods, we assessed the correlation between the firing 

residuals and each error parameter after removing the contributions of the kinematic 

parameters and the three error terms (eqs. 8-11).  In the two example cells, Figure 3A-H 

show the R2 temporal profiles based on firing residuals (red) and actual firing (green).  

The two methods result in highly similar R2 profiles for each error parameter, both in 

timing and amplitude. The population data confirm the similarity in peak R2 values (Fig. 

3I-L) and indicate the individual error parameters are independently signaled in the firing 

discharge.   

 

Figure 3. Fit of simple spike firing to the individual error parameters. A-D) R2 profiles 
for cell 23 as a function of τ obtained from fitting the actual firing (green, eqs. 12-15) or 
the firing residuals (red, eqs. 8-11) to each error term. For regressions based on firing 
residuals, the red arrows denote the times of the significant R2 peaks.  Also plotted are 
control regression R2 profiles obtained from fitting the firing residuals for each term to 
either the PVS model (PVS ctrl, black, eq. 14) or the complementary error parameters 
(ER ctrl, blue, eq. 15). E-H) Similar plots of the R2 profiles for cell 41. I-L) For each 
parameter and regression, the average maximal R2 value (± S.D.) across all Purkinje cells 
is plotted. 
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The results show that each error parameter makes important contributions to the 

simple spike modulation and is widely represented in the population. Regression analyses 

based on the firing residuals reveal that 93% (112/120) of Purkinje cells has a significant 

fit with XE (average R2 = 0.19 ± 0.17, Fig. 3I) and 111 out of 120 cells have a significant 

fit with YE (average R2 = 0.14 ± 0.14, Fig. 3J).  For 108 Purkinje cells, the firing 

residuals have a significant fit to RE with an average R2 of 0.09 ± 0.09 (Fig. 3K).  

Finally, the firing residuals of 100 Purkinje cells have a significant fit to PDE, with an 

average R2 of 0.06 ± 0.05 (Fig. 3L). 

 Also plotted in Figure 3 are the control regression results that assess whether firing 

variability related to the kinematics or the complementary error terms was effectively 

removed from the firing residuals.  The R2 temporal profiles for the control regressions 

are essentially flat for each error parameter (Fig. 3A-H, blue and black traces) 

demonstrating that there is no kinematic or complementary error information remaining 

in the firing residuals throughout the -500 to 500 ms time window. The average peak R2 

values for the control regressions are below the threshold level (R2 < 0.02) required for 

significance (Fig. 3I-L).  This finding confirms that the R2 values based on the firing 

residuals cannot be explained by interactions between the kinematics and complementary 

error parameters. Therefore, the regression analyses based on the firing residuals 

demonstrate two important results.  First, the modulation due to the kinematics and the 

complementary error parameters is effectively removed from the firing residuals (eqs. 8-

11).  Second, the four error parameters are represented in the simple spike discharge and 

these representations are mutually independent and also independent of hand kinematics. 

Bimodal timing 

An important and novel feature of the R2 temporal profiles is the presence of two 

prominent peaks.  Bimodal timing is evident in both example cells (Fig. 3A-H). For cell 

23, XE, YE, and PDE have two significant R2 peaks and for cell 41, XE and PDE have 

two significant R2 peaks. For each example, the first peak occurs at a lead and the second 

at a lag.  As the regressions were performed using firing residuals, the bimodal timing is 
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not due to the influence of kinematic parameters or interactions with other error terms. 

Bimodal timing demonstrates there are two distinct times of peak correlation between the 

simple spike firing and an error parameter. The peak R2 at a lead suggests simple spikes 

carry a prediction about an error parameter, while the peak R2 at a lag suggests the simple 

spikes encode feedback about the same parameter.   

To test for the prevalence of bimodal timing across the population of Purkinje 

cells, the number and timing of local maxima (i.e., times at which the first differential of 

the R2 profile changed from positive to negative) were determined from the regressions 

based on firing residuals (eqs. 8-11).  A bimodal profile was defined as having significant 

R2 peaks at both negative and positive τ values.  Bimodal timing was common, with 86 

Purkinje cells (72%) exhibiting bimodal timing for at least one error parameter. For the 

480 temporal profiles obtained from regressions with individual error parameters (4 

parameters x 120 neurons), bimodal timing is present in 172 profiles.  A small minority 

of the bimodal profiles exhibit more than one peak at either lead (9%) or lag (11%) times. 

In these instances, analysis was restricted to the largest peaks. The timing of the peaks is 

uniform, averaging -223 ± 150 ms and 227 ± 132 ms for the lead and lag peaks, 

respectively (Fig. 4H).  The average R2 for each error term is larger for the feedback peak 

than the lead peak (Fig. 4G), although the peak R2 amplitudes are nearly equal for PDE. 

This pattern suggests that, on average, the firing modulation due to feedback is greater 

than the modulation due to the prediction. However, for XE, YE and RE the average peak 

R2 at lead times is at least 60% of the amplitude of the average R2 at lag times. Therefore, 

bimodal timing is a common property of how simple spike firing encodes errors. 

Furthermore, at both leads and lags, error parameters can account for a significant 

fraction of the simple spike variability. 

Examination of the βs at the time of the peak R2 values shows that firing 

sensitivity with XE, YE and RE is proportional to the variability explained by the 

regression model (Fig. 4A-C). This relationship held whether the peak R2 occurred at a 

lead (gray circles) or lag (black circles). Similarly, the DM for the cosine fit to PDE 
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scales with the peak R2 (Fig. 4D).  The distributions of the preferred directions are 

bimodal, with maxima centered at 0º and 180º for both lead and lag timing (Fig. 4E and 

F).  These maxima are consistent with PDE being a valid estimate of direction error, with 

a preferred direction at 0º reflecting increased firing with maximal error and a preferred 

direction at 180º reflecting increased firing when error is minimal. Therefore, the simple 

spike firing is highly modulated by performance errors and this error-related modulation 

can be of large amplitude for both predictive and feedback timing.  

 

 

 

 

 

 

 

 

 
Figure 4. Simple spike sensitivity for the error parameters. A-C) Value of the regression 
coefficients (ßs) versus R2 for XE, YE, and RE at the τ value corresponding to the lead or 
lag peak. D) Depth of modulation (DM) versus R2 for PDE. E-F) Distribution of 
preferred directions for PDE at lead peaks (E) and lag peaks (F). G) Average lead/lag 
peak R2 (± S.D.) for each error parameter across all cells. H) Average lead/lag τ values (± 
S.D.).  All regression results in Figs. 4-6 are based on fitting the firing residuals to the 
individual error parameters (eqs. 8-11).  In each panel, gray represents lead peaks and 
black represents lag peaks. 

 

Sign reversal for the bimodal regression coefficients 

Because the simple spike firing can encode both predictive and feedback 

representations for an error parameter, this raises the question of how the discharge is 
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modulated at lead and lag timing. To investigate this question, the ßs were determined as 

a function of τ for XE, YE and RE (Fig. 5).  For cell 23, XE, YE and RE have bimodal R2 

profiles (see Fig. 3A-C) and the βs for XE, YE and RE evolve between negative and 

positive values (Fig. 5A-C). For these three parameters, a negative β occurs at the τ value 

corresponding to the lead maximal R2, while a positive β occurs at the lag maximal R2.  

The confidence intervals do not include zero, confirming that the βs at each peak are 

significant (Zar, 1999).  Cell 41 has a bimodal profile for XE (see Fig. 3D) in which the β 

reverses sign (Fig. 5I), with a positive β at the lead (τ = -140 ms) and a negative β at the 

lag (τ = 400 ms).  A positive β implies that the simple spike modulation increases in 

relation to the error and a negative β that the modulation decreases.  

A sign reversal in the ßs for XE, YE and RE denotes that the predictive and 

feedback signals have opposing (i.e., anti-correlated) influence on the simple spike 

modulation.  To demonstrate this property, the simple spike firing profiles were examined 

at the τ values corresponding to the lead and lag peaks for each error parameter.  For cell 

23, the change in sign of ßXE and ßYE is consistent with the higher simple spike firing on 

the lower left side of the target at a lead of -300 ms and maximal firing on the upper right 

quadrant of the target at a lag of 260 ms (Fig. 5E and F, respectively).  The modulation 

with RE (Fig. 5G) has a negative slope for the predictive firing (τ = -280 ms) and a 

positive slope for the feedback (τ = 40 ms). For cell 41, the sign reversal of ßXE results in 

greater simple spike modulation on the right side of the target for the lead and greater 

simple spike firing on the left side of the target for the lag. The R2 temporal profiles for 

YE and RE for cell 41 have a single peak and each occurs at a lag (see Fig. 3F and G, 

respectively). Accordingly, YE and RE are characterized by a single ß at the times of the 

peak lag (Fig, 5J and K). Therefore, for RE only the simple spike firing and linear fit at 

the time of the peak lag is plotted (Fig. 5O). 

Because the fit to PDE involves sine and cosine terms (eq. 11), the simple spike 

firing modulation is not linearly related to the ßs.  Instead, the preferred direction can be 

used to describe the simple spike modulation to PDE.  Therefore, we defined a sign  
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Figure 5. Examples of dual representation of error parameters in the simple spike 
discharge. A-D) Regression coefficients (ßs) of XE, YE, RE, and the preferred direction 
for PDE as functions of τ for cell 23. Error bars are the confidence intervals for each 
parameter at the times of the peak R2s (see Fig. 3).  E-H) Firing modulation at the peak τ 
values for each error parameter. In E the modulation is shown at the peak lead time and 
in F at the peak lag time for YE.  In G and H, the firing modulations at lead and lag times 
are superimposed in the same plot.  I-L) Temporal profiles for the regression coefficients 
and preferred direction for cell 41. M-P) Plots of the firing modulation at the lead and lag 
times of the peak R2s for cell 41.  The simple spike modulation depicted in the position 
error plots (E, F, M, and N) is based on the peak τ values for XE.   

 

reversal for PDE if the preferred direction changed by > 90º.  Cell 23 has a preferred 

direction of 150.8° for the lead (τ = -100 ms) and 354.2° for the lag (τ = 200 ms), a 

change in the preferred direction of 156.6º (Fig. 5D).  As expected, the PDE for cell 23 

exhibits anti-correlated firing patterns for the prediction versus the feedback 

representations. 
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 For some bimodal profiles, β has a constant sign or the preferred direction does 

not change more than 90º. This is illustrated for cell 41 for the fit to PDE.  The preferred 

direction has a bimodal profile with peaks at -140 ms and 360 ms (Fig. 5L). However, the 

sign of ßs are constant. Therefore, the firing modulation with PDE is similar at the times 

of the predictive and feedback peaks, as assessed by the preferred direction and DM (Fig. 

5P).  Finally, for cell 41, the R2 temporal profile has only a single peak for RE (see Fig. 

3H) and, therefore, only a single ß (Fig. 5K).  Only the linear fit for this lag is plotted 

(Fig. 5O). 

The reversal of sign or change in preferred direction at the peak τ values is a 

common and significant finding, occurring in 74% (128/172, Χ2
(1)  =  41.0, p < 0.0001) of 

the bimodal profiles.  The modulation strengths for XE, YE, and RE for the predictive 

and feedback signals are strongly correlated for both types of profiles, with a correlation 

coefficient of 0.85 for the ones that change signs and 0.91 for those with constant sign 

(Fig. 6A, filled blue and red circles, respectively). Similarly, the change in preferred 

directions shows a clear tendency to segregate into two groups (Fig. 6B).  For cells that 

exhibit reversal of the preferred direction (blue) and those that do not (red), the change in 

preferred direction clusters towards 180º and 0º, respectively, with fewer values around 

90º.  These findings suggest the two types of profiles may represent distinct functional 

groups. 

To quantify how bimodality influences the simple spike discharge, for each 

bimodal profile the correlation coefficient between the firing patterns, ρ(Firing), at the 

lead and lag τ values was determined. A ρ(Firing) of -1.0 implies complete reversal of the 

firing pattern.  For cell 23 (Fig. 5A-H), the firing correlations are -0.73 for XE, -0.86 for 

YE, -0.63 for RE, and -0.78 for PDE. This demonstrates that the predictive and feedback 

components have strongly opposing effects on the simple pike modulation for the three 

parameters.  For cell 41, XE is the only error parameter that reverses sign and ρ(Firing) is 

-0.38.  For PDE the preferred direction does not change more than 90º between the lead 

and lag peaks and ρ(Firing) is 0.36. Across the population, there is a spectrum of 
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correlation coefficients (Fig. 6C).  Bimodal profiles with sign reversal predominantly 

generate negatively correlated simple spike firing patterns (95/128, 74%) while bimodal 

profiles with a constant sign typically result in positively correlated firing (37/44, 84%). 

This is further evidence that bimodal profiles with sign reversal and those without may 

reflect two populations of Purkinje cells. 

 

 

 

 

 

 

 

 

 

Figure 6. Dual representation of the error parameters at the population level. A) 
Distribution of the standardized regression coefficients (βstd) at the lead/lag peaks for XE, 
YE and RE. Blue dots depict the βstd that reversed sign (anti-correlated firing 
modulations) and red dots the βstd in which the sign remained constant between lead and 
lag peaks (correlated firing modulations). B) Distribution of preferred direction 
difference between the lead and lag peaks for PDE. Blue dots depict differences  >90° 
(anti-correlated firing modulations) and red dots depict differences ≤90° (correlated firing 
modulations). C) Distribution of the correlation coefficients (ρ(Firing)) between simple 
spike firing modulation at the times of lead/lag peaks for each bimodal profile.  Blue bars 
are bimodal profiles with sign reversal of the regression coefficients or >90° changes in 
preferred direction. Red bars depict bimodal profiles with constant sign. D) Average 
correlation (±S.D.) between error parameters (ρ(Parameters)) at the peak τ values.  
Average positive and negative correlations are computed separately. E) Distribution of 
the ρ(Parameters) shown in D for bimodal profiles with sign reversal (blue) and sign 
constant (red). F) Plot of ρ(Firing) versus ρ(Parameters) separated into bimodal profiles 
that exhibit sign reversal (blue) or constant sign (red). 
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A final issue is whether bimodality is generated by an inherent structure in the 

error parameters.  To address this question, we performed four additional analyses on the 

error parameters with bimodal profiles.  First, we determined whether there was any 

correlation within an error parameter at the times of the peak R2s. The correlation 

coefficients (ρ(Parameter)) were computed and averaged separately for negative and 

positive values.  For the four error parameters, there is almost no evidence for negative 

correlations and the positive correlations are < 0.2 (Fig. 6D).  The low correlations 

suggest that there is little covariation in an error parameter, either negative or positive, at 

the times of maximal modulation with simple spike firing. Second, the distributions of 

correlation coefficients show that the weakest correlations occur most frequently, 

whether a profile exhibits sign reversal or constant sign (Fig. 6E).  The third analysis 

examined the relation between the correlations in the firing patterns (ρ(Firing)) and 

correlations in the parameters (ρ(Parameter)) at the times of the peak R2s (Fig. 6F).   

There is no relationship between the correlation in firing and the correlation in the 

parameters, demonstrating that there is no structure within the errors that accounts for the 

bimodal profiles and the associated simple spike modulation.  Finally, we computed the 

auto-correlation function for each bimodal profile.  If an error parameter has correlations 

at the time of the peak R2, one would expect structure in the auto-correlation at those 

times, such as a local minimum or maximum.  The auto-correlations for 171 of the 172 

bimodal profiles exhibit no such structure.  Instead, the auto-correlation functions have a 

single maximum at 0 time lag with smooth fall-off for negative and positive τ values.  

Therefore, there is no evidence that correlations within an error generate the bimodal 

profile or the manner in which the bimodal profile modulates the simple spike discharge. 

Multiple linear error model 

We also regressed the simple spike firing to the ER model (eq. 18). The analysis 

was based on the firing residuals (FRPVS(t - τ), eq. 6) after removal of the variability 

associated with the hand kinematics.  The R2 profiles (black) show that the optimal τ 

value occurs at a lag for the two example neurons (Fig. 7A and B). Each cell also has a 
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prominent peak at a lead. This bimodal profile mirrors the findings from the individual 

regression models (Fig. 4) in which the highest R2s occur at a lag but there is also a large 

R2 peak at lead times.  

 

 

 

 

 

 

 

 

 

Figure 7. Integration of error and kinematic signals in Purkinje cell simple spike 
discharge. A-B) Examples from two Purkinje cells of  R2

adj temporal profiles obtained by 
fitting the firing residuals, FRPVS(t - τ), to the ER model (black traces, eq. 18) and sum of 
the individual R2 temporal profiles obtained based on fitting firing residuals to individual 
error parameters (gray traces, eqs. 8-11). Similarity between the two profiles was 
quantified by RMSD. Cell 23 is shown in A and cell 60 in B.  C) Distribution of the 
RMSD values across the population of Purkinje cells. D) Average maximal R2

adj (± S.D.) 
based on fitting the simple spike firing (F(ER(t)), eq. 19) and firing residuals with 
kinematic removed (FRPVS(ER(t)), eq. 18) to the ER model. The third bar is the average 
maximal R2

adj  (± S.D.) for the control regression that fit the firing residuals with 
kinematic variability removed to the PVS model (FRPVS(PVS(t)), eq. 20). E) Average 
maximal R2

adj (± S.D.) calculated by fitting the simple spike firing discharge (F(PVS(t)), 
eq. 22) and the firing residuals with errors removed (FRER(PVS(t)), eq. 21) to the PVS 
model. The third bar is the average maximal R2 for the control regression that fit the 
firing residuals with errors removed to the ER model (FRER(ER(t)), eq. 23).  F) Scatter 
plot of the optimal R2

adj values from fitting the firing residuals with kinematic variability 
removed to the ER model (eq. 18) versus the optimal R2

adj values from fitting the firing 
residuals with error variability removed to the PVS model (eq. 21). 
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The next analysis tested if the individual error models (eqs. 8-11) provide a valid 

estimate of the ER model (eq. 18). This was determined by summing the individual R2 

profiles for the four error parameters and comparing the sum to the profile obtained for 

the ER model.  As shown, the sum of individual R2 profiles (Fig. 7A and B, gray traces) 

provides a very good approximation to the R2 profile of the ER model (black traces). The 

small root-mean-square deviations (RMSDs) confirm that the individual error profiles 

nearly sum to the multi- linear profile. The additivity is conserved across the population of 

Purkinje cells with a mean RMSD of 0.024 ± 0.013 (Fig. 7C).  Therefore, the results 

obtained using the ER model can be decomposed into the sum of the single parameter 

models. This finding of additivity provides further evidence that the error parameters are 

independent. The additivity also provides additional evidence the bimodal timing is not 

due to interactions between the two peaks and strong justification for using the individual 

error models to assess the contributions of each parameter to the simple spike firing. This 

is particularly important for determining the timing for an individual parameter. As noted 

previously (Hewitt et al., 2011) and in the Methods, it is computationally prohibitive to 

determine the leads and lags for the individual error terms directly from the ER model. 

The population results reveal that the ER model based on the peak R2 explains on 

average ~ 31% of the simple spike firing variability whether using the firing residuals or 

the actual firing (Fig. 7D). The control regression demonstrates that the variability related 

to the error parameters was effectively removed by using the firing residuals.  We also 

reassessed the encoding of kinematics described earlier (Hewitt et al., 2011) using firing 

residuals in which the variability due to the error parameters was removed.  The PVS 

model explains ~38% of the firing variability, whether based on the firing residuals or 

firing (Fig. 7E). It is worth emphasizing that for the ER model, the kinematic-related 

variability has been removed and for the PVS model, the error-related variability has 

been removed. Therefore, both classes of signals modulate the simple spike discharge 

independently.  
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The results show that both error and kinematic signals are simultaneously present 

in the simple spike discharge of a single Purkinje cell (Figs. 2 and 7). This raises the 

question of whether simple spike activity typically encodes both classes of parameters or 

if a single cell preferentially encodes one class over the other. Comparing the R2
adj of the 

ER and PVS models based on the firing residuals reveals no evidence of preferential 

encoding (Fig. 7F).  Across the range of R2s, the simple spike firing is similarly 

modulated by both classes of signals, confirming that error and kinematic information is 

integrated within a single Purkinje cell.  

We also examined the relation between error and kinematic encoding within cells.  

Determining these relationships is complicated by the fact that the simple spike firing of a 

single Purkinje cell is significantly correlated with multiple error and kinematic 

parameters.  For example, 45% of Purkinje cells (54/120) significantly encode at least 3 

of the 4 error parameters at predictive timing and 67% of Purkinje cells (80/120) at 

feedback timing.  Only 18% of Purkinje cells encode a single error parameter at 

prediction timing and only 7% of Purkinje cells at feedback timing.  Similarly, the firing 

of 71% of the Purkinje cells encodes 4 or more of the 5 kinematic parameters.  Only 1 

Purkinje cell encoded a single kinematic parameter.  Therefore, each cell signals a 

complex combination of errors and kinematics that could result in numerous interactions 

among parameters. 

To reduce this complexity, we restricted our analysis to the dominant error and 

kinematic parameters for each Purkinje cell (i.e., parameters with the largest R2 value).  

Kinematic encoding was based on the PVS model (eq. 21) and error encoding on the 

individual error regressions (eqs. 8-11).  Using a contingency analysis, we determined for 

each kinematic parameter the probability of a significant difference between the observed 

and expected frequency of error parameters (Chi-squared test, X2 < 0.05).  The expected 

frequency was defined as the frequency at which an error parameter is dominant in the 

120 cell population. The observed frequency was defined as the frequency that the same 

error parameter is dominant given that a kinematic parameter is also dominant.  Four 
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significant relationships were found among the kinematic and error parameters: 1) VXc 

shows an increased frequency with XE, 2) VYc with YE, 3) Sc with RE, and 4) Yc with 

PDE.  VXc and VYc coupled with XE and YE suggests a natural pairing in which 

Purkinje cells that most strongly modulate with velocity respond strongly to errors along 

the same axis.  Similarly, speed could fluctuate with the distance of the hand from the 

center of the target (RE) and whether the hand is moving toward or away from the target 

(PDE).   

Decoding of error parameters 

 

Figure 8. Population decoding of the predicted error parameters. Plots of decoded 
predicted vs. observed values for each error parameter. A) XE (ρ = 0.95, p < 0.0001, 
slope =  0.99). B)  YE (ρ = 0.83, p < 0.0001, slope =  0.98). C)  RE (ρ = 0.76, p < 0.0001, 
slope =  0.52).  D)  PDE (ρ = 0.98, p < 0.0001, slope =  1.05).  Each plot is the average of 
the predicted errors (mean ± SD) versus the observed errors from 25 repetitions of the 
off- line decoding algorithms.  
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 A population analysis assessed whether the error signals predicted by the simple 

spike firing matches the actual errors.  As shown in Figure 8, the average estimates of the 

predicted errors obtained from the population of Purkinje cells are proportional to the 

observed errors for all four parameters. Determination of the correlation coefficient and 

slopes from the individual data points shows the slopes for XE, YE and PDE are close to 

unity.  Although the slope for RE is less than 1, there is still a strong linear relationship 

between the decoded and observed RE values. The standard deviations of the decoded 

estimates are quite small, showing that the estimates are relatively invariant to the 

selection of the training and test trials, particularly when the hand is within the target 

boundaries. However, the variability increases as the error magnitude increases for XE, 

YE and RE.  One factor in the increased variability is there are typically less data points 

at the larger error values. Fewer data points will decrease the accuracy of both the 

encoding and decoding.  Another explanation for decreased decoding performance 

towards the boundaries of the error space is that Purkinje cells continuously monitor 

these parameters within a limited range. The estimates of the predicted errors are valid 

even when using a higher spatial resolution than used for the linear modeling showing the 

continuous nature of the error signals. Therefore, the simple spike firing in a population 

of Purkinje cells carries a highly accurate prediction of the actual errors. Finally, 

individual cells make predictions about the upcoming errors at different τ values ranging 

from -500 to -20 ms. This suggests that Purkinje cells provide prediction of the errors 

across a range of lead times, possibly to allow integration of motor commands having 

different timing requirements with the error prediction at the appropriate τ values.  
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Discussion 

Simple spike discharge encodes error signals 

The present study demonstrates that Purkinje cell simple spike discharge in the 

intermediate zone encodes a wealth of information about task errors.  Although previous 

studies are consistent with error or instructive signals in the simple spike firing (see 

Introduction), and functional imaging studies document cerebellum activation with 

movement errors (Diedrichsen et al., 2005; Miall and Jenkinson, 2005; Blakemore et al., 

2001), this is the first demonstration that the simple spike discharge encodes specific 

performance errors.  Importantly, the results establish the error signals are independent 

from the kinematic signals encoded in the simple spike firing (Hewitt et al., 2011; 

Medina and Lisberger, 2009; Gomi et al., 1998; Roitman et al., 2005; Fortier et al., 

1989). 

This finding is at odds with the prevailing hypothesis that climbing fibers provide 

error or teaching signals in the cerebellum (see Introduction).  However, the relation 

between complex spike discharge and errors remains problematic.  Although error signals 

might coexist in both the complex and simple spike firing, it is not clear how the low 

frequency complex spike discharge could encode, at least at the single cell level, the type 

of continuous error signals evaluated in this study (Simpson et al., 1995; Ebner and 

Bloedel, 1987). In several studies complex spike error-related signals were observed in a 

small fraction of trials and only after extensive averaging (Kitazawa et al., 1998; Gilbert 

and Thach, 1977; Ojakangas and Ebner, 1994).  Several studies failed to find the 

expected responses to errors or perturbations (Catz et al., 2005; Dash et al., 2010; Ebner 

et al., 2002; Horn et al., 1996). A recent study suggests a novel role for complex spikes 

during learning with climbing fiber input signaling sensitivity to errors, instead of 

encoding errors (Marko et al., 2012).  This hypothesis is based on the observations that 

motor learning decreases with error size as does the probability of complex spike 

occurrence with visual errors during saccades (Marko et al., 2012; Soetedjo et al., 2008).   

Finally, the complex spike discharge occurs in response to errors, that is, only as a 
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feedback signal.  We are not aware of any evidence that complex spikes predict sensory 

consequences, as shown in the present study for the simple spike firing.  

Notably, the error measures evaluated are highly task relevant and provide 

continuous evaluation of tracking performance. These measures are similar to error 

signals involved in human motor adaptation (Izawa and Shadmehr, 2011; Berniker and 

Kording, 2008). Furthermore, use of these measures distinguishes the present study from 

most previous cerebellar electrophysiological investigations into error signaling. All four 

error parameters are significantly represented in simple spike firing from the majority of 

Purkinje cells.  Position and distance errors explain more firing variability than the 

direction term. This difference probably reflects the quality of the sensory feedback.  The 

target edge provides unambiguous information for the position and distance errors, while 

PDE is inherently a more complex measure and lacks direct sensory feedback. 

Nevertheless, many cells exhibit significant firing modulation with PDE and the preferred 

directions cluster around 0/360° and 180°, directions at which the error magnitude is 

maximal or minimal. The distribution of preferred directions also suggests that 

directional errors are highly relevant.  The decoding analyses show that, at the population 

level, Purkinje cells carry the information needed to predict the upcoming errors.  

Purkinje cell simple spike activity integrates kinematic and error signals 

Another finding established by analyzing firing residuals is that error and 

kinematic signals are integrated at the single cell level.  The overlap of kinematic and 

error information occurs in functionally relevant pairs.  There is no evidence for 

segregation by signal type among Purkinje cells. These observations may explain why 

motor adaptation in the presence of continuous sensory input differs from adaptation 

based only on endpoint or reward feedback (Izawa and Shadmehr, 2011; Magescas et al., 

2009). The predictive component of the error signals could function as internal feedback 

used to control movements, thus avoiding the problems of delayed feedback and 

accounting for cerebellar involvement in compensating for motor command variability 

(Wolpert and Ghahramani, 2000; Bhushan and Shadmehr, 1999; Shadmehr et al., 2010; 
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Xu-Wilson et al., 2009).  The feedback component of the error signals could function to 

modify a forward model during motor learning (Wolpert and Ghahramani, 2000; 

Shadmehr et al., 2010).  The presence of independent kinematic and error signals 

suggests the cerebellar contribution to motor control involves computations on two 

interacting models. The first model provides accurate kinematic information, including 

predictions of upcoming movements. This model is stable across several tasks (Hewitt et 

al., 2011; Roitman et al., 2005). The second is an error model that deals with execution 

variability in real time and drives motor adaptation.   

 Dual representations of individual error parameters  

Several motor control theories require the computation of sensory prediction 

errors, in which the predicted and actual sensory feedback for a given motor command 

are compared (Shadmehr et al., 2010; Miall and Wolpert, 1996; Wolpert and 

Ghahramani, 2000). Both eye and limb movement studies suggest sensory prediction 

errors are the critical signal that drive motor adaptation, not the actual motor corrections 

(Wallman and Fuchs, 1998; Noto and Robinson, 2001; Tseng et al., 2007; Mazzoni and 

Krakauer, 2006). Importantly, it is the difference between the expected and actual 

sensory consequences that influences adaptation (Wong and Shelhamer, 2011a). It is 

tempting to speculate that the dual representation of the error parameters provides the 

signals needed to compute sensory prediction errors. In 70% of Purkinje cells at least one 

R2 profile exhibits two local maxima, one with predictive and one with feedback timing. 

Several lines of evidence show that the bimodality cannot be explained by an inherent 

structure in the error parameters. For the majority of these dual representations, the 

regression coefficients reverse sign for the predictive and feedback timing, resulting in 

opposing modulation in the simple spike firing (Figs. 5 and 6). If appropriately summed, 

the anti-correlated predictive and feedback simple modulations could be used to compute 

a sensory prediction error. As required, the resulting sensory prediction error would be in 

the same kinematic space as a forward model (Ariff et al., 2002; Flanagan et al., 2003). 

Although for many bimodal profiles the correlations between spike firing at the 
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predictive and feedback timing cluster close to -1, there is also a spectrum of weaker 

correlations (Fig. 6C). This suggests there are varying degrees of mismatch between the 

prediction and feedback about a specific error. Mismatch is expected due to the 

unpredictability of random tracking inducing frequent errors.   

Two fundamental questions are where and how this comparison occurs. 

Computation of a sensory prediction error requires the two components come together in 

space and time (Wolpert and Ghahramani, 2000). In this study, the predictive and 

feedback representations in individual Purkinje cells are separated by several hundred 

msec. This suggests that computation of a sensory prediction error based on comparing 

the predictive and feedback signals would have to occur downstream of Purkinje cells, 

possibly in the cerebellar nuclei. 

The implications of regression coefficients that have the same sign at both local 

maxima are more ambiguous.  One possibility is that bimodal profiles with the same sign 

represent a particularly poor prediction that grossly mismatches the feedback.  Another 

possibility is that these dual representations are a different class of computation resulting 

in the enhancement of a signal as opposed to cancellation.  The latter is suggested by the 

sharp separation in slopes and preferred direction differences between the error 

parameters with constant sign versus sign reversal (Fig. 6A-B).  Additionally, the 

distribution of correlation coefficients for firing patterns cluster toward 1 and -1, 

respectively (Fig. 6C).  If the correlated predictive and feedback simple modulations were 

summed, this would act to highlight a signal.  It has been shown that cerebellum-like 

structures have the capability to minimize sensory reafference and highlight other signals 

(Bell et al., 2008).  Therefore, the cerebellum may be involved in the generation of 

sensory prediction errors and in the enhancement of salient sensory information. 

Questions remain regarding how the CNS utilizes the error signals described and 

we acknowledge that correlation analysis cannot determine causality. However, having 

identified robust error signals allows for testing of specific hypotheses.  For example, we 

hypothesize that the prediction and feedback components in a highly predictable task 
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would be more closely matched and result in better cancellation of the two signals at the 

Purkinje cell.  Another testable hypothesis is that motor learning would shift the 

weightings of the predictive and feedback signals.  At the start of learning, the predictive 

and feedback signals would be poorly matched. As learning proceeds, the predictive 

signal would be expected to provide a better estimate of the feedback.  This cancellation 

mechanism would be similar to the negating of sensory reafference described in 

cerebellar- like structures (Bell et al., 2008).  

Finally, the finding of dual representations in the simple spike discharge for all 

error parameters suggests this type of encoding is a general principle of how Purkinje 

cells function.  The results are consistent with cerebellar involvement in implementing a 

forward internal model, integrating predictions about the consequences of a motor action 

with the sensory feedback to fine-tune motor behavior and guide motor adaptation 

(Wolpert et al., 1998b; Miall and Wolpert, 1996; Ebner and Pasalar, 2008; Shadmehr et 

al., 2010).  
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CHAPTER III: ENCODING OF KINEMATICS 

 

Introduction 

Chapter 2 describes a new class of error signals in the simple spike discharge of 

Purkinje cells. These new error signals both lag and predict the actual errors, 

demonstrating that Purkinje cells carry information needed to monitor the accuracy of 

goal-directed motor behavior (i.e., feedback), as well as predict performance errors. In a 

large percentage of Purkinje cells, at least one of the error variables has a dual 

representation in time, including both a predictive signal and a feedback-related signal. 

Furthermore, error signals have opposing effects on the simple spike modulation, a 

finding consistent with the components of sensory prediction errors. The current chapter 

investigates the possibility that another class of signals encoded in the simple spike 

discharge, kinematics, have a similar dual representation.    

Extensive evidence shows that Purkinje cell simple spike discharge correlates 

with kinematic parameters of the effectors. In the intermediate and lateral zones near the 

primary fissure, Purkinje cell firing modulates with position, direction, amplitude, 

velocity and speed during a variety of single or multiple joint arm movement tasks 

(Fortier et al., 1989; Fu et al., 1997; Coltz et al., 1999; Roitman et al., 2005; Pasalar et al., 

2006; Marple-Horvat and Stein, 1987; Mano and Yamamoto, 1980; Harvey et al., 1977; 

Thach, 1970). In the flocculus and posterior vermis, the simple spike discharge correlates 

with position, velocity and acceleration of eye movements during smooth pursuit and 

ocular following (Stone and Lisberger, 1990; Shidara et al., 1993; Medina and Lisberger, 

2009; Gomi et al., 1998; Dash et al., 2012). These results demonstrate the cerebellum 

encodes kinematic parameters across multiple effectors, consistent with the hypothesis 

that cerebellum functions as a forward internal model as discussed in Chapter 1.  

If the cerebellum acts as forward internal model, the hypothesis requires that the 

cerebellum predicts the outcome of the current motor command, most likely, in terms of 
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kinematic variables (Wolpert et al., 1995; Kawato and Wolpert, 1998; Wolpert et al., 

1998b; Kawato, 1999). Several studies have demonstrated that Purkinje cell simple spike 

discharge leads effector kinematics (Roitman et al., 2005; Marple-Horvat and Stein, 

1987; Gomi et al., 1998; Shidara et al., 1993; Stone and Lisberger, 1990; Fu et al., 1997; 

Dash et al., 2013). However, most previous studies relied on highly predictable tasks, 

generating stereotypical movements that confound predictions of the current trajectory 

with planning and highly correlated kinematic parameters. Also, these experiments 

typically provided only sparse coverage of the kinematic work space that limits the 

characterization of the signals encoded. A recent experiment, based on manually tracking 

a randomly moving target, compensated for the previous experimental limitations (Hewitt 

et al., 2011). The kinematic space was more uniformly covered and the predictability of 

the upcoming movement was reduced, while the covariance between kinematic 

parameters was eliminated, allowing one to simultaneously evaluate the encoding of each 

parameter. The results show that simple spike activity encodes the position, velocity and 

speed of the hand movement across the work space. Moreover, the kinematic signals 

determined during random tracking could successfully reconstruct the Purkinje cell 

activity during different tasks, including circular tracking and center-out reaching (Hewitt 

et al., 2011). These results suggest that cerebellar signals predict the limb kinematics 

invariantly to the task, supporting the hypothesis that the cerebellum implements a 

forward internal model of the arm.  

As discussed previously in Chapters 1 and 2, another important component of 

implementing an internal model is the existence of signals necessary to compute sensory 

prediction errors (Jordan and Rumelhart, 1992; Miall et al., 1993; Wolpert et al., 1995; 

Doya, 1999). The timing of the kinematic signals in the random tracking experiment 

shows that, although for the majority of Purkinje cells the peak correlation with firing 

leads the behavior, in a substantial number of cells the peak correlation lags the behavior.  

Therefore, both prediction and feedback signals are present in the simple spike discharge.  

However, the study did not address the question of whether there exist dual representatios 
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of the kinematic parameters at the single cell level. Nor did that study address whether 

the sign of the simple spike modulation changes in time. Using the data from the random 

tracking experiment (Hewitt et al., 2011) and the firing residuals analysis developed in 

Chapter 2 allowed testing if the encoding of individual kinematic parameters includes 

both internal predictions and sensory feedback representations in a single Purkinje cell 

and if the sign of the modulation reversed. If true, this dual representation could be used 

to compute sensory prediction errors based on the kinematic representations. 

Furthermore, it would also suggest that dual representations are common to how the 

cerebellum encodes information.   
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Materials and Methods  

All animal experimentation was approved by the Institutional Animal Care and 

Use Committee of the University of Minnesota and conducted in accordance with the 

guidelines of the National Institutes of Health.  Data was collected using the same 

random tracking paradigm, animal preparation and recording procedures described in the 

Materials and Methods section of Chapter 2. 

Kinematics of arm movement during random tracking 

Arm movements during random tracking were described by five kinematic 

parameters (Xc, Yc, VXc, VYc, and Sc) based on the position of a cursor mapping the arm 

movement in the horizontal plane on a vertical screen (see Chapter 2). These parameters 

were previously found to be significantly correlated with Purkinje cell simple spike firing 

during tracking tasks (Roitman et al., 2005; Hewitt et al., 2011).The instantaneous 

position in the work space (Xc(t) Yc(t)) was recorded during the random tracking 

paradigm with the analysis restricted to the tracking period of each trial. The 

instantaneous velocity vector (VXc(t), VYc(t)) components were computed by numerical 

differentiation of the corresponding instantaneous position data. The instantaneous speed 

Sc(t) was computed as the magnitude of the instantaneous velocity vector.  

Linear modeling of simple spike firing based on firing residuals 

The aim of this chapter is to determine whether the simple spike discharge 

encodes the kinematic parameters with a dual representation similar to the error 

parameters as described in Chapter 2. The analysis is similar to that performed in Chapter 

2.  To evaluate individual kinematic parameters, firing residuals (FRs) were obtained 

from a multi- linear model that included the error model terms described in Chapter 2 

(XE, YE, RE, PDE) and the remaining kinematic parameters.  As an example, the firing 

residuals needed to evaluate VXc independent of the error terms and other kinematic 

variables are obtained by regressing actual firing (F) to this multi- linear model: 
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F(t) = ßo(τ) + ßXc(τ)Xc(t - τ) + ßYc(τ)Yc(t - τ) + ßVYc (τ)VYc(t - τ) + ßSc(τ)Sc(t - τ)              

+ ßXE(τ)XE(t - τ) + ßYE(τ)YE(t - τ) + ßRE(τ) RE(t - τ) + ßsPDE(τ) sin(PDE(t - τ))                 

+ ßcPDE(τ) cos(PDE(t - τ)) + ε(t - τ)             (1)                                                                                    

The purpose of this regression is to remove the variability in the firing related to 

the error parameters and the complementary kinematic parameters (Xc, Yc,VYc, Sc). The 

error term, ε, is the firing residuals and represents the remaining variability in the simple 

spike discharge, independent of all other parameters known to modulate Purkinje cell 

activity during random tracking.  All regressions used to obtain firing residuals (e.g. eq. 

1) were computed using the instantaneous firing and movement data from individual 

trials (i.e., non-averaged data).  Firing residuals were determined at each of the 20 ms 

time shifts (τ) between the simple spike firing and the model predictors in a -500 to 500 

ms window.  We denote the firing residuals from eq. 1 as FRτ
ER, X, Y, VY, S(t). In this 

notation, the subscripts refer to the regression parameters used initially to obtain the 

firing residuals with ER model, including all error variables.  The superscript refers to the 

τ value at which the firing residuals were computed. Similarly, we computed the firing 

residuals FRτ
ER, Y, VX, VY, S(t), FRτ

ER, X, VX, VY, S(t),  FRτ
ER, X, Y, VX, S(t), and FRτ

ER, X, Y, VX, 

VY(t), needed for the analysis of Xc, Yc, VYc and Sc respectively. 

Next, using a simple linear regression, the appropriate firing residuals were 

regressed to the individual kinematic parameters:    

FRτ
ER, Y, VX, VY, S(t) = ß0(τ) + ßX (τ) Xc (t - τ) +  ε(t - τ)                                            (2) 

FRτ
ER, X, VX, VY, S(t) = ß0(τ) + ßY(τ) Yc (t - τ) +  ε(t - τ)     (3) 

FRτ
ER, X, Y,  VY, S(t) = ß0(τ) + ßVX(τ) VXc (t - τ) +  ε(t - τ)    (4) 

FRτ
ER, X, Y,  VX, S(t) = ß0(τ) + ßVY(τ) VYc (t - τ) +  ε(t - τ)    (5) 

FRτ
ER, X, Y, VX, VY(t) = ß0(τ) + ßS(τ) Sc (t - τ) + ε(t - τ)      (6)             

The regression of the firing residuals on individual kinematic parameters (eqs. 2-6) are 

denoted by: FRτ
ER, Y, VX, VY, S (Xc(t)), FRτ

ER, X, VX, VY, S (Yc(t)), FRτ
ER , X, Y, VY, S (VXc(t)), 

FRτ
ER, X, Y, VX, S (VYc(t)) and FRτ

ER, X, Y, VX, VY (Sc(t)). 
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For the regressions fitting firing residuals (eqs. 2-6 ) to the kinematic variables, 

the kinematic space (Xc, Yc, VXc, VYc, Sc) was partitioned in five equal bins along each 

dimension ranging from -6 to 6 cm for Xc and Yc, -12 to 12 cm/s for VXc and VYc, and 0 

to 12 cm/s for Sc. This partitioning resulted in 3125 five-dimensional bins. Error 

parameters and neural data were sorted into these bins and averaged.  This partitioning 

and averaging method was used previously to characterize the simple spike modulation 

with the kinematic parameters on the same data set (Hewitt et al., 2011).  

All linear model analyses used repeated fittings in which the time series of neural 

firing (firing residuals or actual firing) was shifted relative to the model’s time series of 

independent variable(s) (Hewitt et al., 2011; Ashe and Georgopoulos, 1994; Roitman et 

al., 2009; Medina and Lisberger, 2009; Gomi et al., 1998). The temporal shifts were used 

to assess the lead/lag (τ) between the neural signals and behavioral parameters (i.e., errors 

or kinematics). Temporal shifts ranged from -500 to 500 ms in 20 ms increments, with 

negative τ values representing that the neural signals lead the model regressors. 

Therefore, for each τ, a new regression based on the firing or firing residuals is 

computed.  As in other studies (Ashe and Georgopoulos, 1994; Hewitt et al., 2011; 

Medina and Lisberger, 2009; Gomi et al., 1998), τ does not add an additional degree of 

freedom. From the time shifted regressions, we generated temporal profiles for the 

coefficient of determination (R2) and the regression coefficients (βs) as functions of τ. 

The τ value at which an R2 profile achieved its maxima is referred to as the optimal τ. 

Significance was tested at each τ using the F-statistic with the degrees of freedom 

determined by the number of observations and the number of predictors. The Type 1 

error rate was set at α = 0.05. We imposed an additional threshold of R2 ≥ 0.02 for a 

significant fit. 

  If two significant R2 peaks were detected, one with a negative and another with 

positive lag, the correlation between kinematic parameters was determined at the times of 

the two peaks. If the correlation coefficient exceeded 0.5, the smaller peak was discarded. 

This assured that the negative and positive peaks represent independent signals and do 



 

 59 

not reflect excessive covariance (autocorrelation) in the kinematic parameter time series. 

If more than one significant peak were detected at lead times, only the largest peak was 

considered. A similar restriction was enforced for peaks occurring at positive τ values.   

The β values from eqs. 2-6 were used as a measure of a Purkinje cell's firing 

sensitivity with Xc, Yc, VXc, VYc and Sc, respectively. To compare the sensitivity among 

different parameters and across cells, standardized regression coefficients (βstd) were also 

determined (Rencher, 2000). 

Decoding of kinematic predictions based on the linear regression results 

Using results from the linear regression analysis, we determined whether the 

simple spike firing accurately predicts kinematics at the population level. For each cell, 

all movement trials were randomly divided into training (80%) versus test (20%) trials.  

For each cell the linear regression analyses were repeated for all individual parameters 

(eqs. 2-6) using only the training trials. For each parameter, only cells with a significant 

R2 peak at a negative τ value (predictive peak) were included in the population analysis. 

Using only test trials to compute the predicted kinematics, we inverted eqs. 2-6 at the τ 

value corresponding to the predictive peak. The predicted kinematics were then weighted 

by the ratio of the cell’s predictive R2 peak to the average of the predictive R2 peaks. For 

each kinematic parameter the decoded and observed values were pooled across the cell 

population and sorted by the observed values into 10 equal bins spanning the parameter 

space (twice the resolution used for the original regression analyses). Bins were averaged 

to obtain both the kinematic population code and the observed kinematic values. For each 

kinematic parameter, the decoding analysis was performed 25 times, each time randomly 

selecting the training and test trials.  Final results are the averages of these 25 runs. 
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Results 

Simple spike modulation with task errors 

Simple spike activity was recorded from 120 Purkinje cells during the random 

tracking task.  This is the same neural data used to describe the kinematic signals (Hewitt 

et al., 2011) and error signals encoded by Purkinje cells (Popa et al., 2012).  For each 

parameter the firing residuals were obtained by removing the contributions of the error 

parameters and the other four kinematic parameters. The firing residuals were fitted to the 

kinematic parameter repeatedly at lead/lag values ranging from -500 to 500 ms in 20 ms 

steps, as described in Methods and Materials. These analyses produced temporal profiles 

for both R2 and regression coefficients.  Figures 9 and 10 show two individual cell 

examples, with the R2 profiles depicted in column A and the regression coefficients 

profiles depicted in column B. In both cell 44 (Fig. 9, column A) and cell 93 (Fig. 10, 

column A), each of the five kinematic parameters makes a significant contribution to the 

simple spike activity as shown by the peaks in the R2 profiles.  The peaks occur at 

different lead/lag values, demonstrating that the same cell encodes multiple kinematic 

parameters with different temporal relationships to the behavior.  

The population results show that each kinematic parameter makes important 

contributions to the simple spike modulation and is widely represented across Purkinje 

cells. Regression analyses based on the firing residuals reveal that 62.5% (75/120) of 

Purkinje cells has a significant fit with Xc (average R2 = 0.104 ± 0.099) and 86 out of 120 

cells have a significant fit with Yc (average R2 = 0.108 ± 0.091).  The firing residuals for 

106 Purkinje cells have a significant fit to VXc with an average R2 of 0.147 ± 0.138 and 

102 Purkinje cells have a significant fit to VYc with an average R2 of 0.12 ± 0.103.  

Finally, the firing residuals of 91 Purkinje cells have a significant fit to speed, with an 

average R2 of 0.062 ± 0.057.  These results are very similar to those found in our initial 

regression analysis, which was not based on using firing residuals after removing the  
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Figure 9.  Purkinje cell simple spike modulation in relation to hand kinematics (cell 44).  
A) R2 profiles as a function of τ obtained from fitting  the firing residuals to individual 
kinematic parameters (eqs. 2 - 6). B) Regression coefficients (ßs) of kinematic parameters 
(eqs. 2-6)  as functions of τ. Error bars are the confidence intervals for the regression 
coefficients at the times of the peak R2s in A.  C) Firing modulation with kinematic 
parameters at the τ values of the R2 peaks in A. Top two panels show the firing 
modulation with position (Xc, Yc) at the time of Yc peak (LEAD ) and Xc peak (LAG). 
Third and fourth panels show the firing modulation with velocity (VXc, VYc) at the time 
of VYc  lead peak (LEAD ) and VYc  lag peak (LAG). Bottom panel shows the firing 
modulation with Sc at the time of the Sc peak (averaged firing ± S.E.M. and the best fit 
regression line ). In all panels the averaged firing is relative to the mean. 
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Figure 10.  Purkinje cell simple spike modulation in relation to hand kinematics (cell 93).  
A) R2 profiles as a function of τ obtained from fitting the firing residuals to individual 
kinematic parameters (eqs. 2 - 6). B) Regression coefficients (ßs) of kinematic parameters 
(eqs. 2-6)  as functions of τ. Error bars are the confidence intervals for the regression 
coefficients at the times of the peak R2s in A.  C) Firing modulation with kinematic 
parameters at the τ values of the R2 peaks in A. Top two panels show the firing 
modulation with position (Xc, Yc) at the time of Yc peak (LEAD ) and Xc peak (LAG). 
Third and fourth panels show the firing modulation with velocity (VXc, VYc) at the time 
of VYc  lead peak (LEAD ) and VYc  lag peak (LAG). Bottom panel shows the firing 
modulation with Sc at the times of the lead peak (black) and lag peak (gray) of the R2 
profile in A (averaged firing ± S.E.M. and the best fit regression lines). In all panels the 
averaged firing is relative to the mean. 
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contributions from all other kinematic or error parameters (Hewitt et al., 2011). This not 

only confirms the widespread representation of kinematics in Purkinje cell simple spike 

firing but also further demonstrates the independence of the parameters. 

Bimodal timing of kinematics in the simple spike discharge 

Several of the R2 profiles, such as VYc in cell 44 and VXc and Sc in cell 93, have 

two significant peaks, one at predictive and one at feedback timing. This is similar to the 

bimodality observed for the error parameters (Chapter 2). Out of 600 profiles (5 

parameters x 120 cells), 133 have bimodal timing and 85 cells have at least one bimodal 

R2 profile, suggesting that dual representation of individual kinematic parameters is 

common among Purkinje cells. 

 

 

 

 

 

 

 

 

 

Figure 11. Simple spike sensitivity for the kinematic parameters. A-E) Value of the 
regression coefficients (ßs) versus R2 for Xc, Yc, VXc, VYc, and Sc at the τ values 
corresponding to the R2 peaks. G) Average lead/lag peak R2 (± S.D.) for each kinematic 
parameter across all cells with significant peaks. H) Average lead/lag τ values (± S.D.) of 
the significant peaks.  All regression results are based on fitting the firing residuals to the 
individual kinematic parameters (eqs. 2 - 6).  In each panel, gray represents lead peaks 
and black represents lag peaks. 
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Of the 133 bimodal R2 profiles, 93 were for velocity and 40 for speed. The ratio 

of bimodality for velocity and speed (37%) closely matches the ratio of bimodality 

observed for the error parameters (36%, Chapter 2). However, none of the R2 profiles for 

position (Xc and Yc) were defined as bimodal. This may seem to contradict that the R2 

profile of Xc for cell 93 has two significant peaks (Fig. 10, column A). As described in 

the Material and Methods, an additional test assessed the level of correlation within a 

parameter at the times of the peaks. If the correlation coefficient was above 0.5, the 

correlation was not considered to be bimodal and the peak with the smaller R2 was 

discarded from further analyses. For cell 93, the correlation coefficient for the two Xc 

peaks exceeded this limit. High correlations were commonly observed for position 

variables.  Therefore, the lack of bimodality in Xc and Yc is due to the inherent 

correlations in the slowly varying position signals (see Discussion). 

Examination of the βs at the time of the peak R2 values shows the distribution of 

firing sensitivity with Xc, Yc, VXc, VYc, and Sc for each cell (Fig. 11A-E). The sensitivity 

is proportional to the variability explained by the regression model (Fig. 11A-E). This 

relationship held whether the peak R2 occurred at a lead (gray circles) or lag (black 

circles). Therefore, the simple spike firing is highly modulated by kinematics and the 

modulation can be of large amplitude for both predictive and feedback timing. At the 

population level the distributions of firing sensitivities (βs) show that the kinematic 

representations involve equal increases and decreases in simple spike firing.  

At the population level, the average R2 for each kinematic parameter is larger for 

the predictive than feedback peaks (Fig. 11G). These observations are consistent with 

previous results reporting that simple spike signals predominantly lead effector 

kinematics (Hewitt et al., 2011; Roitman et al., 2005; Dash et al., 2012; Stone and 

Lisberger, 1990; Shidara et al., 1993; Medina and Lisberger, 2009).  However, the 

difference in the variability explained is modest, with the average R2s for the feedback 

peaks being 91% of the predictive peaks (Fig. 11G, F(1,607) = 12.47, p = 0.0004). These 

results also show that at both leads and lags, the kinematic parameters account for a 
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significant fraction of the simple spike variability independent of the error parameters. 

The average times for lead and lag peaks are symmetrical;  that is, the leads and lags are 

similar (Fig. 11H, F(1,607) = 0.01, p = 0.916). Also similar are the lead/lags for velocity 

and speed (F(1,282) = 3.62, p = 0.583). The position parameters have longer time 

horizons than the other parameters (Fig. 11H, F(1,323) = 28.48, p < 0.0001). However, as 

commented on in the Discussion, the long history of Xc and Yc time series exposes the 

limits of using the temporal regression methodology in analyzing position encoding. 

Sign reversal for the bimodal regression coefficients 

Because the simple spike firing of an individual Purkinje cell can show strong 

predictive and feedback modulations for a kinematic parameter, this raises the question of 

the sign of the modulation at lead and lag times. Of particular interest was whether the 

modulation changes signs, as found for the error parameters (Chapter 2). Therefore, the 

ßs were determined as a function of τ for each parameter (Figs. 9 and 10, column B).  In 

52% of the bimodal profiles, the regression coefficients corresponding to the R2 peaks 

reverse sign. Examples of sign reversal are illustrated for VYc in cell 44 (Fig. 9, column 

B) and also for VXc and Sc in cell 93 (Fig. 10, column B). Note the error bars are the 

confidence intervals for a regression coefficient at the times of the peak R2 values. As 

described in Chapter 2, if the confidence interval does not cross 0, demonstrating that the 

regression coefficient is significantly different from 0 (Zar, 1999).  

To determine the effect of the sign reversal of the βs on the actual firing, the 

simple spike modulation in relation to a kinematic parameter was determined at the τ 

values corresponding to the lead and lag peaks. For example, for cell 44 VYc has a 

bimodal R2 profile (Fig.9, column A) and the regression coefficients reverse signs at the 

times of the peaks (Fig. 9, column B). The velocity modulation maps corresponding to 

the VYc peaks (Fig.9, column C, Lead τ = -220 ms and Lag τ = 60 ms) show a pattern 

change from high firing in the lower half of the velocity space (Lead) to high firing in the 

upper right quadrant (Lag), consistent with the sign reversal of the βs for VYc. In cell 93, 

VXc and Sc both exhibit bimodal R2 profiles (Fig. 10, column A) and the regression  
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Figure 12. Dual representation of the kinematic parameters at the population level. A) 
Distribution of the correlation coefficients (ρ(Firing)) between simple spike firing 
modulation at the times of lead/lag peaks for each bimodal profile. Blue bars are bimodal 
profiles with sign reversal of the regression coefficients. Red bars depict bimodal profiles 
with constant sign. B) Distribution of the ρ(Parameters) for bimodal profiles with sign 
reversal (blue) and sign constant (red). C) Distribution of the standardized regression 
coefficients (βstd) at the lead/lag peaks for the kinematic parameters with dual encoding. 
Blue dots depict the βstd that reversed sign (anti-correlated firing modulations) and red 
dots the βstd in which the sign remained constant between lead and lag peaks (correlated 
firing modulations).  D) Average correlation (±S.D.) between error parameters 
(ρ(Parameters)) at the peak τ values.  Average positive and negative correlations are 
computed separately (same parameter correlation data as in B). Note that X and Y 
parameters were not dually encoded by any cell and, therefore, the average parameter 
correlations are missing. E) Plot of ρ(Firing) versus ρ(Parameters) separated into bimodal 
profiles that exhibit sign reversal (blue) or constant sign (red). 
 

coefficients at the peak τ values reverse signs (Fig. 10, column B). For cell 93, the 

velocity modulation map (Fig. 10, column C) shows a change in the firing pattern with 

higher firing along the right edge (higher x-velocity) for the lead peak (Lead τ  = -220 
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ms) and for the lag peak (Lag τ  = 40 ms) the highest firing along the lower edge (higher 

negative y-velocity).  This change is consistent with the sign reversal of β for VXc.  The 

modulation with speed illustrates nicely the resultant opposing effects on the simple spike 

firing.  For the predictive peak, the simple spike modulation with speed is linear with a 

positive slope reflecting the positive β.  At feedback timing the slope is negative, 

reflecting the negative β (Fig. 10, column C, Lead τ = -160 ms and Lag τ = 220 ms). 

To quantify how bimodality influences the simple spike discharge, for each 

bimodal profile the correlation coefficient was determined between the firing patterns at 

the lead and lag τ values. A correlation coefficient (ρ) of -1.0 implies complete reversal 

of the firing pattern. In cell 44, the firing pattern correlation coefficient is -0.25. In cell 

93, the ρ(Firing)s are -0.39 for VXc and -0.89 for Sc.  At the population level, the 

probability distribution of ρ(Firing) shows that Purkinje cells in which the regression 

coefficients change signs result in anti-correlated firing patterns and those in which the 

sign of the regression coefficient remains constant result in covariant firing patterns (Fig. 

12A). Across all kinematic parameters, the modulation strengths for the bimodal 

representations are strongly correlated, with a correlation coefficient of -0.8 for those that 

change sign and 0.78 for those with a constant sign (Fig. 12C). This observation suggests 

that bimodality serves a well-defined computational purpose, possibly linked to the 

evaluation of sensory prediction errors.  

As it was discussed above, the example cells presented have different modulation 

patterns at the times of the peaks for bimodal R2 profiles. However, the difference in the 

modulation patterns associated with leads and lags is a more general property of the 

Purkinje cell activity that does not require the presence of dual peaks in the R2 profiles. 

For both example cells, the position modulation maps change at the lead and lag times 

(Fig. 9 and 10, column C). These pattern changes are not due to bimodal representations 

of the position parameters but instead reflect that for both cells the peak τ value for βx 

occurs at a lag and the peak τ value for βy occurs at a lead. 
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The independence of lead and lag signals in bimodal representations 

The observation that bimodal representations are a common finding in the simple 

spike firing requires investigating whether the bimodality reflects a "hidden" structure 

within a kinematic parameter as opposed to how Purkinje cells process these kinematic 

signals. Therefore, for each parameter the correlation coefficient of the kinematic value 

(ρ(Parameter)) at the times of the R2 peaks was used to quantify whether there is an 

inherent correlation structure that accounts for the bimodal representations. For bimodal 

representations with either changing or constant signs, the ρ(Parameter) distributions are 

very similar and centered around 0 (Fig. 12B). This is in contrast with the probability 

distributions of the firing correlations that are heavily skewed toward -1 and 1, 

respectively (Fig. 12A). Moreover, only a few instances of negative correlations for the 

kinematic parameters were observed (Fig. 12B) and the average negative ρ(Parameter) is 

small (Fig. 12D).  This is in contrast with the ρ(Firing) that shows similar values for 

bimodal representations in which the sign reversed and those in which it was constant 

(Fig. 12A). These observations support the interpretation that the modulation at the lead 

and lag peaks is due to differential encoding of the same parameter and not due to 

intrinsic properties of the kinematics. Moreover, ρ(Parameter) has no value in predicting 

ρ(Firing). This result is illustrated by the uniformity of the correlation coefficient 

distributions for both reversing and constant signal regression coefficients (Fig. 12E). 

These observations strongly suggest that the bimodal R2 profiles reflect independent 

encoding of both prediction and feedback of the same kinematic parameter in the same 

cell.  

Decoding of the kinematic parameters 

One last question regarding the kinematic representations is how accurate are the 

predictions compared to the observed values. The predictions for the five kinematic 

parameters show remarkable linear correlation with observed values (Fig. 13). For each 

kinematic parameter, the correlation coefficient between predicted and observed is 0.99. 

Also, for each plot the slopes are close to unity (0.99 for X, 0.84 for Y, 1.04 for VX, 0.88  
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Figure 13. Population decoding of the predicted kinematic parameters. Plots of decoded 
predicted vs. observed values for each kinematic parameter. A) Xc (ρ = 0.99, p < 0.0001, 
slope = 0.99). B)  Yc (ρ = 0.99, p < 0.0001, slope = 0.84). C)  VXc (ρ = 0.99, p < 0.0001, 
slope = 1.04).  D)  VYc (ρ = 0.99, p < 0.0001, slope = 0.88). E)  Sc (ρ = 0.99, p < 0.0001, 
slope = 0.91). Each plot is the average of the predicted errors (mean ± SD) versus the 
observed errors from 25 repetitions of the off- line decoding algorithms.  
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for VY and 0.91 for S), indicating that the population of Purkinje cells carries the 

information needed to precisely predict the upcoming kinematics. The minimal 

variability in the decoded values, illustrated by the standard deviation error bars, indicates 

that the estimated values are relatively invariant to the selection of the training and test 

trials. Another interesting observation is that the decoding can be performed accurately at 

a high resolution, supporting the assumption that the kinematic signals are continuous 

representations of the kinematic parameters. 
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Discussion 

Multiple studies have shown that Purkinje cell simple spike discharge encodes 

kinematic signals related to arm or eye movements that tend to lead the motor behavior 

(Roitman et al., 2009; Hewitt et al., 2011; Marple-Horvat and Stein, 1987; Fu et al., 1997; 

Stone and Lisberger, 1990; Shidara et al., 1993; Gomi et al., 1998; Medina and Lisberger, 

2009; Dash et al., 2013). These observations support the hypothesis that the cerebellar 

cortex implements forward internal models that predict the sensory consequences of the 

motor commands. However, the forward internal model hypothesis requires the presence 

of sensory prediction errors that reflect the comparison of the model predictions to the 

sensory feedback (Jordan and Rumelhart, 1992; Miall et al., 1993; Wolpert et al., 1995; 

Doya, 1999). Sensory prediction errors are used for both on line control of movements 

and for updating the forward model (Shadmehr and Krakauer, 2008). Chapter 2 

demonstrates that the simple spike activity encodes motor errors and the representation 

includes both a prediction and feedback about the same error parameter. This dual 

representation occurs at the level of individual Purkinje cells as well as at the population 

level. As argued in Chapter 2, the dual representation has the components of a sensory 

prediction error. Whether such dual representations of parameters are a common feature 

of cerebellar cortical processing is important in validating the forward internal model 

hypothesis. 

Similar representations of kinematic and error information  

Using the linear regression analyses based on firing residuals as performed in 

Chapter 2, allowed a more detailed characterization of the representation of kinematics in 

the simple spike firing than used in previous studies (Hewitt et al., 2011). Importantly, 

the approach allowed examining the signals related to each kinematic parameter in 

isolation, after removing the firing variability associated with the other kinematic 

parameters and the error parameters. The results demonstrate that kinematic parameters 

are encoded in the simple spike discharge very similar to error parameters. Each 

kinematic parameter is represented both as a prediction of the upcoming movement and 
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as feedback.  There is equal weighting of increases and decreases in simple spike firing 

for the kinematic parameters. Also, the average timing for the prediction signals and the 

feedback signals are symmetrical. These observations are similar to those describing error 

processing (Chapter 2) and suggest common processing in the cerebellar cortex. 

Kinematic and error related signals have quasi-uniform distributions of the τ 

values for both predictive and feedback lags. This suggests that the temporal properties of 

these signals are not determined by the “hardware” of the neural circuitry but are more 

likely determined by the “software”. Particularly for the feedback related signals, if the 

time lag between a behavior parameter and its representation is determined by the neural 

pathway, one would expect a relatively constant lag across Purkinje cells determined by 

the synaptic delays and conductance velocity of the circuitry. At population level this 

would result in a normal distribution of delays centered on the constant lag. Therefore, 

the quasi-uniform distribution of the time values is more consistent with a computational 

process in which the lead/lag values scan the temporal window investigated.   

Another similarity to error encoding is that a large number of Purkinje cells signal 

at least one kinematic parameter dually in time, with a peak signal at a predictive lag and 

a peak at a feedback lag. Further, many of the modulations in simple spike activity at the 

predictive and feedback lags are in opposition, one increasing firing and the other 

decreasing firing. Also, the standardized regression coefficients of predictive and 

feedback related signals are strongly correlated suggesting a computational role for the 

dual encoding. The dual representation of kinematic parameters, as well as error 

parameters, is consistent with the components required to compute the sensory prediction 

errors, as mentioned before, and therefore supports the hypothesis that cerebellum 

implements a forward internal model. Further strengthening this hypothesis is the 

accuracy of the kinematic predictions at the population level, comparable to the accuracy 

of the error predictions. 
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Differences in the representations of kinematic and error information  

The kinematic and error related signals examined in Chapters 2 and 3 are the 

representations of nine independent parameters related to the goal-directed behavior. Out 

of these nine behavioral parameters, the position time series Xc and Yc have two different 

properties than the other seven variables. First, the position time series are serially 

correlated. We assessed this by computing the autocorrelation for all kinematic and error 

parameters (data not shown).  For position, the autocorrelation reveals a slow decreasing 

positive correlation that remains above 0.95 over the -500 to 500 ms time interval. This 

slowly decaying autocorrelation profile was not observed for the other parameters.  The 

high correlations for position are consistent with a dominant trend within this time 

window that is likely due to the constraints imposed on the target trajectory. To make it 

possible for the monkeys to perform the task required imposing slow changes in position. 

The most widely used method used for detrending a time series is differentiation 

(Granger and Newbold, 1974). However, differentiated position time series are by 

definition the velocity time series and, therefore, differentiation could not be used as a 

detrending method. Second, the Xc and Yc parameters are not dually encoded in the 

simple spike discharge. However, it remains to be determined whether this lack of dual 

encoding is due to the limitation of our linear modeling method exposed by the serial 

correlation of the time series or reflects a fundamental difference in how the cerebellum 

signals position.      

Another interesting difference between the encoding of kinematics and errors is 

that, for the kinematic parameters, the predictive signals are stronger than the feedback 

signals as reflected by the average R2 at the lead and lag peaks, respectively. This result is 

consistent with previous findings that the kinematic signals lead behavior. Conversely, 

for the error parameters, the feedback signals are stronger than the predictive signals. 

This difference may reflect the level to which the representations of these two classes of 

parameters have been established. The kinematic representations reflect intrinsic arm 

properties that have been refined over the subject’s lifetime of making consistent arm 
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movements in response to motor commands. On the other hand, the error representations 

examined were probably acquired during training for this visually guided tracking task 

and are less refined. Also, the prediction accuracy for the error representations is 

constantly affected by the unpredictable nature of random tracking. Therefore, the error 

encoding may be weighted more towards sensory feedback than prediction. This 

hypothesis is consistent with the decoding results that show better accuracy predicting the 

upcoming kinematics (Fig. 13) than predicting the upcoming errors (Fig. 8, Chapter 2). A 

test of this hypothesis would be to compare the error signal coding at different time 

points in training, particularly over long periods of training. 
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CHAPTER IV: CALCIUM CHANNELOPATHIES AND THE TOTTERING 

MOUSE 

 

Calcium channelopathies and transient symptoms  

Many neurological diseases are due to mutations in genes coding for ion channels, 

and therefore are called “channelopathies.” Many of these neurological disorders are 

characterized by episodic symptoms, including common and hemiplegic migraine, 

seizures, periodic paralysis, paroxysmal dyskinesia, and episodic ataxia (for reviews see 

(Pietrobon, 2002; Jen et al., 2004; Ptacek and Fu, 2001; Pietrobon, 2010; Kullmann, 

2002; Ryan and Ptacek, 2010).  A common feature of these diverse, transient symptoms 

is the presence of triggering factors such as ethanol, caffeine,  exercise, fatigue and 

emotional or psychological stress (Ptacek and Fu, 2001; Ryan and Ptacek, 2010).  

However, the mechanisms that translate chronic abnormalities of ion channels into 

transient nervous system dysfunction are generally not understood. It is hypothesized that 

the altered expression of ion channels affects the electrophysiological properties of 

neurons or synapses, increasing the probability that neural circuits and networks will 

move into abnormal excitability states (Ryan and Ptacek, 2010). 

Episodic ataxia type 2 (EA2) is an autosomal dominant Ca2+ channelopathy 

resulting in episodic cerebellar dysfunction. During acute episodes ranging from tens of 

minutes to days, EA2 patients exhibit gait, limb and speech ataxia (Jen et al., 2004; Jen et 

al., 2007; Baloh et al., 1997). Also commonly observed in EA2 patients is gaze-evoked, 

interictal nystagmus. The episodic attacks in EA2 patients are associated with triggering 

factors including stress, caffeine and exertion (Jen et al., 2004; Ophoff et al., 1996; Baloh 

et al., 1997). In addition to episodic cerebellar dysfunction, different families suffering 

from EA2 have a spectrum of symptoms including migraine, hemiplegic paralysis, 

vertigo, and weakness (Jen et al., 2004; Jen et al., 2007; Jouvenceau et al., 2001; Ducros 

et al., 2001; Jen et al., 1999; Rajakulendran et al., 2010). Some patients develop 
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progressive cerebellar degeneration, showing the classic signs and symptoms of 

cerebellar disease (Denier et al., 1999; Yue et al., 1997; Vighetto et al., 1988; 

Calandriello et al., 1997). Many EA2 patients respond to treatment with carbonic 

anhydrase inhibitors (Griggs et al., 1978; Strupp et al., 2007). 

EA2 is induced by mutations of the CACNA1A gene, located on chromosome 19p, 

that encodes the α1A2.1 subunit of the P/Q-type Ca2+ voltage-gated channel (Cav2.1). The 

α1A2.1 subunit forms the voltage sensor and channel pore (Ophoff et al., 1996; Kramer et 

al., 1995; von Brederlow et al., 1995).  There is a large spectrum of  known mutations 

affecting the CACNA1A gene including nonsense, deletion, missense, or aberrant 

splicing, that result in EA2 (Jen et al., 2004; Pietrobon, 2010; Jen et al., 2007; 

Rajakulendran et al., 2010). A common aspect of the CACNA1A gene mutations 

identified in EA2 patients is a loss of P/Q-type Ca2+ channel function when evaluated in 

expression systems (Wappl et al., 2002; Spacey et al., 2004; Jen et al., 2004; Jen et al., 

2001; Guida et al., 2001; Rajakulendran et al., 2010). Other mutations of the same 

CACNA1A gene result in different diseases including familial hemiplegic migraine 

(FHM) and spinocerebellar ataxia type 6 (SCA6), reflecting the spectrum of neurological 

dysfunctions found in Cav2.1 channelopathies. As mentioned before, there are no known 

neural mechanisms that adequately explain how a permanent loss of P/Q-type Ca2+ 

channel function results in episodic neurologic symptoms. Therefore, it is necessary to 

use animal models of the channelopathies to investigate the neural processes associated 

with transient nervous system dysfunction.      

 

A model for Cav2.1 channelopathies, the tottering mouse  

Different mutations in Cacna1a, the ortholog for the human CACNA1A gene, 

generate several mouse models for Cav 2.1 channelopathies, including  tottering, rolling 

Nagoya, leaner, rocker, and tottering-4j (Zwingman et al., 2001; Mori et al., 2000; 

Herrup and Wilczynski, 1982; Miki et al., 2008).  Additionally, Cav2.1-/- mice lacking 
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P/Q-type channels and currents have been generated and extensively studied (Jun et al., 

1999; Fletcher et al., 2001). One of the animal models widely used as model for EA2 is 

the tottering (tg) mouse (Campbell and Hess, 1998; Fureman et al., 2002; Pietrobon, 

2002; Jen et al., 2007; Hoebeek et al., 2005; Walter et al., 2006). 

The tottering (tg) mouse is a spontaneous, recessive mutation characterized by 

paroxysmal motor syndrome, ataxic gait and absence seizures (Green and Sidman, 1962; 

Noebels and Sidman, 1979; Tsuji and Meier, 1971; Meier and MacPike, 1971). Tottering 

is due to a missense mutation inducing a leucine for proline substitution in the pore lining 

region of the P/Q-type Ca2+ channel (Fletcher et al., 1996). The specific tg mutation has 

not been identified in any of the human CaV2.1 channelopathies, including EA2, FHM, 

and SCA6. 

 

Behavioral phenotype of the tottering mouse 

The tg mouse behavioral phenotype is characterized by three major symptoms 

that become manifest 3-4 weeks after birth (Green and Sidman, 1962; Meier and 

MacPike, 1971; Seyfried and Glaser, 1985). The first symptom is absence seizures 

defined by sudden movement arrest, twitching of the whiskers and a fixed stare. During 

absence seizures, the electroencephalographic recordings (EEG) are characterized by 

bilateral, synchronous cortical spike-and-wave or polyspike discharges occurring with a 

frequency of 6 to 7 events per second (Heller et al., 1983; Noebels and Sidman, 1979). 

Increased amplitude spikes in EEG also induce myoclonic jerks of the limbs/trunk or a 

sudden dropping of the head. The EEG abnormalities are relatively short, lasting 1-3 

seconds and occur more than 30 times per hour. Absence seizures are ameliorated by 

antiepileptic agents (Heller et al., 1983; Noebels and Sidman, 1979). 

The most striking aspect of the tg phenotype is a paroxysmal movement attack 

that has incorrectly been referred to as focal seizures (Green and Sidman, 1962), 

intermittent focal myoclonus (Levitt, 1988), and partial status epilepticus (Seyfried et al., 
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1981).  More recently, the dystonic nature of this transient motor dysfunction has been 

clarified (Raike et al., 2005), and therefore is now referred to as episodic dyskinesia or 

episodic dystonia. The attacks follow a stereotypical progression, starting with the 

extension of the hindlimbs, followed by abduction at the hip and extension at the knee, 

ankle, and paw with a stiffly arched back and  the perineum pressed against the support 

surface.  The hindlimbs are affected by extensions and contractions with a dystonic 

quality. Finally, the motor dysfunction reaches forelimbs and head, inducing flexion of 

the neck and upper limbs and paddling movements of the forelimbs. During the 

paroxysmal phase of the attack, simultaneous contractions of agonist and antagonist 

muscle groups generate dystonic- like movements of the hindlimbs, trunk, forelimbs, neck 

and head. In the receding phase, the mice start regaining motor control of the hindlimbs, 

often rearing, while forepaw and facial muscles continue contractions (Green and 

Sidman, 1962; Fureman et al., 2002). There is no loss of consciousness during dystonic 

episodes.  The attacks last 30 to 60 minutes and occur 1-2 times per day.  The attacks are 

evoked by stress (i.e., exposure to novel environment or restraint), caffeine, and ethanol 

(Fureman et al., 2002; Campbell and Hess, 1998). As opposed to the absence seizures, 

paroxysmal dystonia has no EEG activity markers and does not respond to antiepileptic 

drugs (Fureman et al., 2002; Noebels and Sidman, 1979; Kaplan et al., 1979). Also, 

lesions of the locus coeruleus reduce spike and wave discharges associated with absence 

seizures but do not affect the episodic dystonia phenotype (Campbell et al., 1999; 

Noebels, 1984).  

The cerebellum plays an essential role in the episodic dystonia.  The motor attacks 

result in striking, immediate gene expression in cerebellar neurons, including granule, 

inferior olive, cerebellar nuclear, and Purkinje neurons (Campbell and Hess, 1998). It was 

also shown that the cerebellar activation precedes other CNS regions, including the 

cerebral cortex. The loss of Purkinje cells induced in the Purkinje cell degeneration 

mouse line eliminates the episodic dystonia (Campbell et al., 1999).  Lesions of the 

anterior cerebellum attenuate the attacks (Abbott et al., 1996) and complete removal of 
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the cerebellum abolishes the attacks (Neychev et al., 2008). More recently it has been 

shown that if the tottering mutation is restricted to Purkinje cells throughout the 

cerebellar cortex it induces motor dysfunction consistent with a generalized dystonia. If 

the mutation is localized in specific cerebellar areas, this results in a phenotype consistent 

with focal dystonia (Raike et al., 2012). 

The third determining aspect of the tg phenotype is a chronic mild ataxia between 

the dystonic episodes (Green and Sidman, 1962).  Described initially as a “wobbly gait,” 

the dysfunction affects particularly the hindlimbs and tail. Tottering mice also exhibit 

bobbing and up and down, tossing of the head, do not balance well on their hindlimbs, 

turn awkwardly, and swim poorly (Green and Sidman, 1962).  Unfortunately, these ataxic 

symptoms, that are associated with cerebellar dysfunction, have been described mainly 

qualitatively and not quantitatively. A recent study using high-speed video and EMG 

recordings during treadmill locomotion showed poorly coordinated movements and 

reduced muscle activity in tg mice (Scholle et al., 2010). 

Quantitative evaluations of non-episodic aspects of the motor phenotype in the tg 

mouse have focused on eye movements and vestibular reflexes. A variety of 

abnormalities have been described, including upward deviation of the eyes at rest, 

reduced vestibulo-ocular gain in the presence of high frequency stimulus, reduced gain of 

the optokinetic reflex, and reduced vestibulo-ocular reflex plasticity (Stahl et al., 2006; 

Hoebeek et al., 2005). These eye movement abnormalities suggest disturbances in 

brainstem and cerebellar circuits involved with compensatory and adaptive eye 

movements. Remarkably, blocking P/Q-type Ca2+ channels in the flocculus of wild-type 

mice induces similar deficits in compensatory eye movements, supporting the hypothesis 

that cerebellar cortex dysfunction results in the motor deficits observed in the tg mouse 

(Hoebeek et al., 2005). 
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Anatomical and histochemical characteristics of the tottering mouse 

The reduced body weight of the tg mouse compared to wild-type animals, is not 

reflected in the normal weight of the brain (Noebels and Sidman, 1979; Green and 

Sidman, 1962; Syapin, 1982), suggesting that any changes in the tg CNS are probably not 

striking. Initial measurements reported normal molecular and granular layers, as well as 

the number of glia cells (Meier and MacPike, 1971). Also, the gross levels of 

gangliosides and phospholipids remained unchanged compared to wild type mice 

(Hoebeek et al., 2008).  However, a more comprehensive study revealed modest 

decreases in cerebellar volume, molecular layer thickness and Purkinje cell soma volume 

after the onset of the behavioral phenotype (Isaacs and Abbott, 1995).  There is no 

Purkinje cell loss in the tg mouse until the very late stages of the disease, observed at 

approximately one year of age (Sawada et al., 2009; Isaacs and Abbott, 1995; Levitt, 

1988). 

There are some inconsistent observations regarding abnormalities in Purkinje cell 

morphology. One study reported extensive structural pathology of Purkinje cells, 

including degenerating mitochondria, irregular nuclei, myelin fibers, and cytoplasmic 

alterations (Meier and MacPike, 1971). However, a subsequent ultrastructural study 

could not confirm any of these observations (Rhyu et al., 1999). In the same study there 

were reported swellings of Purkinje cell axons and also enlarged varicosities on the 

parallel fibers that form multiple synapses on single Purkinje cell dendritic spines (Rhyu 

et al., 1999). In 6 month old tg mutants, the density of Purkinje cell terminals and 

synapses formed in the cerebellar nuclei appear unchanged (Hoebeek et al., 2008). 

However, light and electron microscopy reveals that the axon terminals are enlarged, 

contain more vacuoles and an increased number of swollen mitochondria (Hoebeek et al., 

2008; Ryo et al., 1993). Although relatively minor, many of the morphological alterations 

are progressive with an onset between 3 and 5 weeks, consistent with the onset of ataxia 

(Green and Sidman, 1962; Ryo et al., 1993; Seyfried and Glaser, 1985). 
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The tg mutation increases norepinephrine levels and the number of locus 

coeruleus terminal noradrenergic projections throughout the CNS, including the 

cerebellum and cerebral cortex, while leaving unchanged the number and size of the 

neurons in the locus coeruleus (Levitt and Noebels, 1981; Levitt et al., 1987). An increase 

in basal cAMP levels in the neocortex has been suggested to reflect enhanced 

norepinephrine innervation in the tg mouse (Tehrani and Barnes, Jr., 1995). Abnormally 

high levels of tyrosine hydroxylase (TH) and its mRNA were reported in the soma and 

dendrites of Purkinje cells across the cerebellum in both young and adult tg mice (Austin 

et al., 1992; Hess and Wilson, 1991; Fletcher et al., 1996). In wild type mice, TH 

expression in a great majority of Purkinje cells is restricted to the young stages of life 

(P21 to P35). The increased TH expression is aligned with the zebrin II parasagittal 

banding pattern, left intact by the tg mutation (Abbott et al., 1996; Hawkes and Herrup, 

1995; Fletcher et al., 1996).  Also increased in the tg mouse is the expression of n-nitric 

oxide synthase (n-NOS), both mRNA and protein (Rhyu et al., 2003). The calretinin 

mRNA in the granule cell layer and ryanodine receptor type 1 in Purkinje cells decreases 

in the adult animal (Cicale et al., 2002). It remains unclear how cerebellar function is 

affected by the changes in the expression of TH, n-NOS or the genes involved with 

calcium regulation. 

The tg mutation also induces changes in GABAA receptors in adult animals. In the 

cerebral cortex, changes in the subunit composition and binding properties result in a loss 

of  GABAA receptor function that may contribute to the absence seizures (Tehrani and 

Barnes, Jr., 1990; Tehrani and Barnes, Jr., 1995). In the cerebellum a 40% reduction in 

the number of GABAA receptors in the granular layer has been reported, due largely to 

loss of α6 and γ2 subunits (Kaja et al., 2007a). The cellular mechanisms linking the 

changes in GABAA receptors to the tg mutation have not been studied.  However, the 

reduction in GABAA receptors could impact normal information processing in the 

cerebellar cortex. 
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P/Q-type Ca2+ channel dysfunction in tottering mice 

The tg mutation alters the expression of the P/Q-type Ca2+ channels and results in 

a loss of channel function.  The P/Q-type Ca2+ channels are widely expressed throughout 

the nervous system in the presynaptic terminals, soma and dendrites of neurons (Mintz et 

al., 1992; Fletcher et al., 1996; Westenbroek et al., 1995). The cerebellum, cerebral 

cortex, hippocampus, and olfactory bulb show high to moderate levels of expression. The 

properties of the P/Q-type Ca2+ channels are widely variable throughout the brain due to 

alternative gene splicing and functional differentiation resulting from combinations with 

different auxiliary subunits (Luvisetto et al., 2004; Mermelstein et al., 1999).  The P/Q-

type Ca2+ channels expressed in presynaptic terminals provide major contributions to the 

synaptic neurotransmitter release mechanisms (for review, see (Pietrobon, 2010; 

Pietrobon, 2002; Catterall, 1998)).  Although N (Cav2.2)- and R (Cav2.3)-type Ca2+ 

channels are also involved in synaptic transmission, P/Q-type channels appear to be more 

efficiently coupled to the vesicular release processes (Li et al., 2007; Mintz et al., 1995; 

Wu et al., 1999), possibly due to their preferential location near the release sites at some 

synapses (Wu et al., 1999). 

In the cerebellum the P/Q-type Ca2+ channels are heavily expressed in granule and 

Purkinje cells (Westenbroek et al., 1995; Mintz et al., 1992). In granule cells the P/Q-type 

Ca2+ channels are responsible for approximately 50% of the calcium currents (Randall 

and Tsien, 1995). In Purkinje cells the somatodendritic P/Q-type Ca2+ channels are major 

sources for  Ca2+  influx and are involved in firing and shaping the action potential 

waveforms (Womack and Khodakhah, 2004; Hartmann and Konnerth, 2005). P/Q-type 

Ca2+ channels expressed in presynaptic terminals play a major role in the 

neurotransmitter release at synapses throughout the cerebellum. The excitatory 

transmission at the parallel fiber-Purkinje cell and climbing fiber-Purkinje cell synapses 

are both heavily dependent on P/Q-type Ca2+ channel function (Mintz et al., 1995). Also, 

the P/Q-type Ca2+ channels are almost exclusive contributors to the inhibitory synaptic 

transmission throughout the cerebellar cortex, as documented for the Golgi cell to granule 
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cell synapses, molecular layer interneuron to the Purkinje cell synapses, and for synapses 

formed by the Purkinje cells both on cerebellar nuclear neurons and their collateral 

projections on other Purkinje cells (Forti et al., 2000; Lonchamp et al., 2009; Stephens et 

al., 2001). Therefore, a loss of P/Q-type Ca2+ channel function has the capacity to disrupt 

fast synaptic transmission throughout the cerebellum. 

The tg mutation induces a 30-40% reduction in the Ca2+ current in Purkinje cells 

while conserving the channel kinetics (Wakamori et al., 1998).  It has been hypothesized 

that this can be explained by reduced expression of functional channels in the tg mouse 

(Pietrobon, 2010). The P/Q-type Ca2+ channels in EA2 patients and other EA2 mouse 

models show an activation shift toward more depolarized voltages that is not observed in 

the tg mouse (Wakamori et al., 1998; Mori et al., 2000; Guida et al., 2001; Wappl et al., 

2002; Jen et al., 2001). 

In many CNS synapses the dominance of P/Q-type Ca2+ channels in mediating 

synaptic transmission is developmental and becomes manifest around the third week 

(Iwasaki et al., 2000), which is remarkably coincidental with the onset of symptoms in 

the tg mouse (Green and Sidman, 1962; Meier and MacPike, 1971). Similarly, synaptic 

transmission between parallel fibers and Purkinje cells, while only mildly affected in 

young animals, is decreased in adult tg mice (Matsushita et al., 2002), mirroring the 

development of the behavioral phenotype. A decrease in parallel fiber-Purkinje cell 

synaptic transmission in adult tg mice was also reported in vivo (Chen et al., 2009). 

However, one slice study reported no change in the excitatory postsynaptic current 

(EPSC) evoked by parallel fibers in tg mice (Zhou et al., 2003). Also, in tg mice, parallel 

fiber-Purkinje cell synapse paired-pulse facilitation is not affected, suggesting the evoked 

glutamate release remains intact (Matsushita et al., 2002). Interestingly, the EPSC 

amplitude at the climbing fiber-Purkinje cell synapse is not affected in the tg mouse 

(Matsushita et al., 2002), although P/Q-type Ca2+ channels mediate transmitter release at 

this synapse in wild-type animals, as mentioned previously. These findings show that loss 

of P/Q-type Ca2+ channel function in tg mice does not translate automatically into 
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presynaptic transmitter release deficits, as one could expect, suggesting the possibility 

that compensatory mechanisms are also present. 

As opposed to wild-type animals in which parallel fiber glutamate release is 

mainly mediated by P/Q-type Ca2+ channels, in tg mice release is controlled by N-type 

Ca2+ channels as demonstrated by the fraction of the EPSPs blocked by ω-conotoxins 

(Zhou et al., 2003). This matches the increase in presynaptic N-type Ca2+ channels on 

parallel fibers in tg mice that is also thought to account for the increase in baclofen 

inhibition and the prolongation of heterosynaptic depression (Zhou et al., 2003).   

In wild-type mice, noradrenaline and other α-2 noradrenergic agonists inhibit 

parallel fiber-Purkinje cell synaptic transmission and this adrenergic modulation is 

greatly potentiated in tg mice. Although the location of the adrenergic receptors involved 

is unclear, the increased sensitivity is interesting in the context of increased noradrenergic 

innervation in tg mice (Noebels, 1984; Levitt and Noebels, 1981), and that stress triggers 

the motor attacks (Fureman et al., 2002; Campbell and Hess, 1998). 

  Alterations in synaptic transmission are not confined to the cerebellar cortex in tg 

mice. While inhibitory synaptic transmission is conserved, the excitatory synaptic 

function is reduced in the ventrobasal thalamic nucleus (Caddick et al., 1999). At the 

CA3-CA1 synapse in the hippocampus a severe reduction in presynaptic P/Q-type Ca2+ 

currents is compensated by an increase in N-type Ca2+ currents (Qian and Noebels, 

2000). The onset of an epileptic phenotype is coincident with a reduction of GABAergic 

synaptic transmission between thalamic projections and the pyramidal neurons in layer 

IV of the somatosensory cortex (Sasaki et al., 2006). Increased run-down of high-rate 

evoked release and increase in spontaneous acetylcholine (ACh) release have been 

observed at the neuromuscular junction (Plomp et al., 2000). However, these changes do 

not affect the functionality of the neuromuscular transmission as demonstrated by the 

normal dynamics of saccadic eye movements in young tg mice, suggesting that 

neuromuscular transmission is functionally intact (Stahl et al., 2006). The conservation of 

the neuromuscular synaptic transmission is due to compensation for the loss of the P/Q-
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type Ca2+ channel by the upregulation of R- and N-type Ca2+ channels (Kaja et al., 2007b; 

Pardo et al., 2006).  In general, the loss of P/Q-type Ca2+ currents triggers compensation 

by other voltage-gated Ca2+ channels, mitigating the deficits of the synaptic transmission 

in the tg mouse. 

P/Q-type Ca2+ channels are the dominant type of voltage gated postsynaptic Ca2+ 

transients in the Purkinje cells, accounting for 85-95% of their total Ca2+ current (Mintz 

et al., 1992; Jun et al., 1999; Usowicz et al., 1992). The development of the tg phenotype 

is preceded by the reduction in P/Q-type Ca2+ channel function, due to a failure in the 

normal switch from L-type to P/Q-type Ca2+ currents that occurs in the first two post-

natal weeks (Erickson et al., 2007; Wakamori et al., 1998). In the Purkinje cells, the P/Q-

type Ca2+ channels are activated post-synaptically by both parallel and climbing fiber 

inputs (Hartmann and Konnerth, 2005). Post-synaptic P/Q-type Ca2+ channels in Purkinje 

cells co-activate with AMPA receptors in response to individual synaptic events (Denk et 

al., 1995). Intracellular Ca2+ transients in Purkinje cells mediate both long-term 

potentiation and long-term depression at parallel fiber-Purkinje cell synapses (for reviews 

see (Jorntell and Hansel, 2006; Ito, 2001)). The level of Ca2+ is hypothesized to select 

between long-term potentiation and long-term depression in response to parallel fiber 

input (Jorntell and Hansel, 2006). Therefore, reduction in P/Q-type Ca2+ currents in 

Purkinje cells could affect a number of physiological properties, including synaptic 

plasticity. 

The P/Q-type Ca2+ channels play a major role in regulation of Purkinje cell 

activity by exclusively driving activation of KCa channels (Womack et al., 2004) that 

determines the interspike interval in the simple spike discharge (Womack et al., 2004; 

Walter et al., 2006). Different mutations of the Cacna1a gene, including tg, leaner and 

ducky, all induce reductions of P/Q-type Ca2+ current density (Barclay et al., 2001; 

Lorenzon et al., 1998). Although each alters a different channel subunit, each mutation is 

associated with decreased simple spike firing regularity (Walter et al., 2006; Alvina and 

Khodakhah, 2010a; Hoebeek et al., 2005) that can be compensated by increasing 
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activation of calcium-dependent potassium (KCa) channels (Walter et al., 2006; Alvina 

and Khodakhah, 2010a). Also, partially blocking P/Q-type Ca2+ channels in wild-type 

mice results in degraded discharge regularity, similar to the loss of pacemaking function 

observed in tg mouse Purkinje cells (Walter et al., 2006).  These observations suggest 

that irregular simple spike discharge is a common aspect of P/Q-type Ca2+ 

channelopathies. Irregular spiking may play a major role in the cerebellar deficits in the 

tg mouse, possibly due to a reduction in the capacity to encode relevant motor control 

information (Stahl et al., 2006; Walter et al., 2006). 

In the tg mouse the misregulation of Ca2+ signaling is not limited to the loss of 

P/Q-type Ca2+ channel function. Upregulation of the L-type Ca2+ channels is also present 

in the Purkinje cells but not in cerebellar granule cells nor in nuclear neurons (Campbell 

and Hess, 1999; Erickson et al., 2007). In the Cav2.1 null mouse, which lacks paroxysmal 

motor attacks, granule cells show increased L-type current density (Fletcher et al., 2001).  

With the exception of the nucleus of the brachium of the inferior colliculus, there is no 

evidence for changes in α12.1 mRNA levels in other CNS regions (Doyle et al., 1997). 

Interestingly, L-type agonists evoke the episodic dystonia and L-type antagonists 

suppress the induction of the motor attacks (Fureman et al., 2002; Campbell and Hess, 

1999), suggesting that the upregulation of L-type Ca2+ channels is involved in the 

episodic motor phenotype of the tg mouse.  

 

Triggers of episodic dystonia in the tottering mouse 

Remarkably, triggers for the movement abnormalities are common in EA2 

patients and tg mice, including caffeine, ethanol, exercise, and stress. In the tg mouse the 

episodic motor attacks require functioning Purkinje cells (Campbell et al., 1999; Erickson 

et al., 2007) and are dependent on upregulation of L-type Ca2+ channels in Purkinje cells 

(Campbell and Hess, 1999). Moreover, in heterozygous tg mice with a single tg allele and 

without a normal allele in Purkinje cells (i.e., tg allele is dominant only in Purkinje cells), 
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the known triggers evoked motor attacks (Raike et al., 2013).  Xanthine compounds, such 

as caffeine and theophylline, trigger motor attacks in the tg mouse and several other 

rodent models of dystonia (Fureman et al., 2002; Raike et al., 2005). Caffeine evokes a 

large intracellular Ca2+ level increase from ryanodine receptor (RyR) sensitive stores in 

Purkinje cells, but not in parallel fibers (Kano et al., 1995; Carter et al., 2002).These 

observations suggest that intracellular Ca2+ homeostasis in Purkinje cells is likely to play 

a role. A common pathway for the episodic dystonia triggers is hypothesized to be 

activation of RyRs and mobilization of internal Ca2+ stores from the endoplasmic 

reticulum (Fureman et al., 2002; Fureman and Hess, 2005). A recent study demonstrated 

that blocking RyRs in the tg mouse cerebellum prevents onset of episodic dystonia in the 

presence of known triggers, including caffeine ethanol or stress. Moreover, potentiating 

RyRs in the cerebellum triggered motor attacks, strongly supporting the hypothesis that 

the triggers share a common mechanism of action (Raike et al., 2013).      

  Stress, both physiological and psychological, is another trigger for transient 

symptoms.  In the tg mouse, the episodic dystonia is reliably triggered by physical 

restraint and changes in the environment (Campbell and Hess, 1998; Kaplan et al., 1979; 

Syapin, 1983).  The locus coeruleus and its noradrenergic projections have been widely 

involved in mediating the stress responses (for review see (Berridge, 2008; Sved et al., 

2002)). Therefore, a possible mechanism for stress-induced motor attacks involves the 

central noradrenergic system. Neurons in the locus coeruleus increase their firing in the 

presence of stress (Abercrombie and Jacobs, 1987). The norepinephrine projections of the 

locus coeruleus are widely spread throughout the CNS including to the cerebellar cortex 

(Olson and Fuxe, 1971; Pickel et al., 1974). Locus coerulus inputs modulate strongly the 

discharge of Purkinje cells as demonstrated by the prolonged firing inhibition induced by 

stimulation of the locus coeruleus neurons (Hoffer et al., 1973; Woodward et al., 1979).  

However, norepinephrine has complex excitatory and inhibitory effects on cerebellar 

neurons depending on the specific adrenergic receptor and cell type involved (Saitow et 

al., 2000; Kondo and Marty, 1997; Hirono and Obata, 2006). In the cerebellar cortex, α-
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adrenergic receptors are expressed in interneurons and Bergmann glia (Hirono and Obata, 

2006; Kulik et al., 1999), while β-adrenergic receptors are present on Purkinje cells and 

molecular layer interneurons (Hirono and Obata, 2006; Kondo and Marty, 1997). 

Interestingly, β-adrenergic agents, which target the receptors most likely to affect 

Purkinje cell activity, have no clear effect on the dystonic attacks. In contrast, blocking α-

adrenergic receptors decreases their frequency, although without reducing the intensity or 

duration of the attacks (Fureman and Hess, 2005). As mentioned above, the tg mouse 

cerebellum is hyperinnervated by the locus coerulus (Noebels, 1984) and TH is 

upregulated (Noebels, 1984; Austin et al., 1992; Hess and Wilson, 1991; Levitt and 

Noebels, 1981). However, lesions of the locus coeruleus do not affect the episodic 

dystonia (Noebels, 1984; Campbell et al., 1999), suggesting that the hyperinnervation is 

not a critical element in stress-triggered episodic dystonia. The mechanisms by which 

stress initiates motor attacks in the tg mouse remains to be determined. 

 

Assessment of EA2 therapies in tottering mouse 

As an animal model for EA2, the tg mouse could be used to develop and test new 

therapies as well as to understand the mechanisms of existent therapies. Recently, 

nonselective blockers of voltage gated potassium channels (e.g. 4-aminopyridine) have 

been shown to be effective in reducing the frequency and severity of the episodic 

cerebellar symptoms in EA2 (Strupp et al., 2004). Potassium channel blockers also 

reduce the frequency but not the duration of the dystonic episodes in the tg mouse (Weisz 

et al., 2005). The first hypothesis regarding 4-aminopyridine's mechanism of action was 

that it restores Purkinje cell inhibitory transmission on the cerebellar nuclei (Kalla et al., 

2007; Strupp et al., 2008). However, the frequency of Purkinje cell firing and Purkinje 

cell-nuclear neuron synaptic transmission are normal in the tg mouse (Hoebeek et al., 

2005; Hoebeek et al., 2008). An alternative hypothesis links the motor deficits to the 

irregular firing of Purkinje cells associated with a loss of P/Q-type Ca2+ channel function. 

The irregularity in simple spike discharge of the tg mouse is due to reduced activation of 
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calcium-dependent potassium channels (KCa), particularly the small conductance type 

(SK) (Walter et al., 2006). In tg mice, activation of the SK channel restores the simple 

spike firing pace-making function in the slice and improves rotorod performance in the 

behaving animal (Walter et al., 2006; Alvina and Khodakhah, 2010b). Importantly, SK 

activation does not increase the Purkinje cell firing rate but it does increase the 

postsynaptic response to parallel fiber input (Alvina and Khodakhah, 2010b). The KCa 

channel activator, chlorzoxazone, also reduces the severity, frequency and duration of 

stress-induced episodic dystonia, although chlorzoxazone does not prevent the attacks 

(Alvina and Khodakhah, 2010b). Therefore, the tg mouse has the potential to serve as a 

model for the screening of new EA2 therapies. 

Until recently the most effective therapy for EA2 patients has been acetazolamide, 

a blocker of carbonic anhydrase (Strupp et al., 2007; Griggs et al., 1978). Although the 

mechanism of action of acetazolamide is not understood, it has been hypothesized that 

acetazolamide alters Purkinje cell excitability and increases the inhibitory drive of 

Purkinje cells on their targets (Strupp et al., 2004). To date there does not appear to have 

been any study of acetazolamide in the tg mouse. Studying the effects of acetazolamide 

on the tg mouse phenotype and the mechanisms of action could provide interesting 

insights for improving EA2 therapies. 

 

Cerebellar network and the transient motor phenotype in the tottering mouse 

  Only a limited number of studies have characterized in vivo differences in the 

cerebellar circuitry between tg and wild-type genotypes. Similar to observations in the 

slice preparations (Walter et al., 2006; Alvina and Khodakhah, 2010a), it has been 

reported that reduction of the P/Q-type Ca2+ current density increases the variability of 

the simple spike discharge in vivo (Hoebeek et al., 2008). Also, the inactivation period, 

the pause in the simple spike firing following a complex spike discharge, is shorter in the 

tg mouse compared to wild-type. In the behaving tg mouse, during the compensatory eye 
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movements in response to sinusoidal optokinetic stimulation, the simple spike 

modulation and the climbing fiber discharge and their spatial tuning are indistinguishable 

from that of wild-type animals. As mentioned above, Purkinje cell axon terminals in the 

cerebellar nuclei show some progressive structural damage (Hoebeek et al., 2008).  

Electrophysiological recordings show that stimulation in the tg cerebellar cortex evokes 

inhibitory responses in nuclear neurons with a normal threshold and latency. However, 

the spontaneous firing of nuclear neurons is greater and more irregular than in wild-type 

animals (Hoebeek et al., 2008). Some of the behavioral abnormalities could be associated 

with the irregular simple spike discharge in the tg mouse such as decreased gain for the 

optokinetic and vesibulocular reflexes, increased phase lead at lower frequencies during 

vestibuloocular reflex and mild ataxia (Hoebeek et al., 2008; Green and Sidman, 1962; 

Noebels and Sidman, 1979; Seyfried and Glaser, 1985). However, it is unclear if the 

irregularity in simple spike firing explains the episodic ataxia.    

One of the most important and interesting aspects of the channelopathies, 

including the tg mouse, is the paroxysmal CNS dysfunction (Ryan and Ptacek, 2010; 

Kullmann, 2002). However, the mechanism linking the chronic loss of the P/Q-type Ca2+ 

channel function to intermittent cerebellar ataxia in EA2 patients or the episodic dystonia 

in the tg mice is unknown. The reported alterations in the tg cerebellar circuitry and 

function, including changes in cell morphology, modification of transmission at the 

parallel fiber-Purkinje cell synapse and increased variability in simple spike discharge, 

are inherently “homeostatic” abnormalities. These abnormalities could result in a 

"tuning" of the cerebellar network that is different from the normal network and 

contributes to the baseline ataxia or changes in oculomotor reflexes. However, immediate 

early gene expression shows that during an attack of dystonia in the tg mice, the 

cerebellar activity is highly abnormal and precedes abnormal cerebral activity (Campbell 

and Hess, 1998). This suggests that the motor attacks are associated with a fundamentally 

different state of the cerebellar cortex in which Purkinje cells are abnormally active. 

Chapter 5 describes the use of optical imaging and single cell recordings to test this 
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hypothesis. The results demonstrate a novel type of abnormality in the cerebellar cortex 

that could account for the paroxysmal motor disorder in the tg mouse.  
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CHAPTER V:  ABNORMAL CEREBELLAR ACTIVITY IN THE TOTTERING 

MOUSE                                                                 

 

Introduction 

The tottering (tg) mouse is an autosomal recessive disorder involving a missense 

mutation in the mouse orthologue Cacna1a gene that codes for the Cav 2.1 (P/Q-type) 

voltage-gated Ca2+ channel (Noebels, 1984; Fletcher et al., 1996).  The tg phenotype 

includes mild ataxia, polyspike discharges in the cerebral cortex and dramatic 30-60 

minute attacks of dystonia/dyskinesia triggered by stress, caffeine and ethanol that begin 

in the hind limbs and progress to the forelimbs and face (Campbell and Hess, 1998; 

Fureman et al., 2002).   

The tg mouse is of interest because many neurological disorders that are caused 

by mutations in genes encoding ion channels are also characterized by episodic 

symptoms such as migraine, seizures and ataxia (Jen et al., 2004; Ptacek and Fu, 2001; 

Kullmann, 2002; Pietrobon, 2002).  In humans, various mutations within the CACNA1A 

gene that encodes the α1A subunit of the Cav 2.1 channel causes episodic ataxia type 2 

(EA2) in which stress, caffeine and exertion trigger long periods of episodic cerebellar 

symptoms (Jen et al., 2004; Ophoff et al., 1996; Baloh et al., 1997).  The tg mouse has 

been widely used as an animal model for the Cav 2.1 channelopathies (Campbell and 

Hess, 1998; Fureman et al., 2002; Pietrobon, 2002; Jen et al., 2007; Hoebeek et al., 2005; 

Walter et al., 2006). 

Expressed heavily in cerebellum, P/Q-type Ca2+ channels are located pre- and 

postsynaptically at parallel fiber (PF)-Purkinje cell (PC) synapses and play an important 

role in transmitter release (Westenbroek et al., 1995; Mintz et al., 1995).  P/Q-type Ca2+ 

channels are also the dominant type of voltage-gated Ca2+ channels on mature PCs 

(Mintz et al., 1992; Llinas et al., 1992).   In tg mice, the mutation results in a ~30-40% 

reduction in P/Q-type current density in PCs with little alteration in channel kinetics 
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(Wakamori et al., 1998; Erickson et al., 2007).  In EA2 patients, the mutations also result 

in reduced P/Q-type Ca2+ channel function (Guida et al., 2001; Jen et al., 2001; Wappl et 

al., 2002; Jeng et al., 2006).  Previous studies reported that in the cerebellum of the tg 

mouse PF-PC synaptic transmission is decreased (Matsushita et al., 2002), GABAergic 

synaptic efficacy is increased (Zhou et al., 2003) and PC simple spike firing is highly 

variable (Hoebeek et al., 2005; Walter et al., 2006).  These abnormalities are consistent 

with the baseline cerebellar phenotype in the tg mouse (Hoebeek et al., 2005; Fureman et 

al., 2002; Campbell and Hess, 1998). 

The mechanisms underlying the acute episodes of motor dysfunction in the tg 

mouse are unknown.  The cerebellum is required for expression of the episodic motor 

attacks in the tg mouse and the cerebellum is highly activated during the attacks 

(Campbell and Hess, 1998; Campbell et al., 1999).  In addition to the reduction in P/Q-

type Ca2+ channel function, Cav1.2/1.3 (L-type) Ca2+ channels are up-regulated in the tg 

mouse and are involved in the episodic dystonia (Fureman et al., 2002; Campbell and 

Hess, 1999; Erickson et al., 2007).  Activating these channels with an L-type agonist 

evokes the episodic dystonia and blocking these channels suppresses the induction of the 

motor attacks (Fureman et al., 2002; Campbell and Hess, 1999).   The present study 

utilized flavoprotein optical imaging in vivo to assess the cerebellar cortical circuitry in 

the tg mouse.  In both the anesthetized and awake tg mouse, the imaging revealed 

transient, low frequency oscillations that are likely involved in the episodic dystonia. 

 The content of this chapter has been published in the Journal of Neurophysiology 

(Chen G, Popa LS, Wang X, Gao W, Barnes J, Hendrix CM, Hess EJ, Ebner TJ. Low-

frequency oscillations in the cerebellar cortex of the tottering mouse. J Neurophysiol. 

2009 Jan; 101(1):234-45. doi: 10.1152/jn.90829.2008. ) 
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Materials and Methods 

Animal Breeding and Preparation 

I would like to acknowledge that the data was collected by Dr. Gang Chen. 

Tottering (tg) mice (Cacna1atg) on a C57BL/6J background were bred at the Johns 

Hopkins University School of Medicine.  The presence of stereotyped dystonia was 

confirmed in each mutant by challenge with 15 mg/kg caffeine (I.P.) before 

experimentation.  Because it was previously shown that dystonic episodes of tg mice are 

not affected by age or sex (Weisz et al., 2005), male and female tg mice, ages 6-12 

months were used in these experiments. C57BL/6J-+/+ mice of similar age (6-12 months) 

and sex were used as wild-type controls.  All animal procedures were approved by and 

conducted in conformity with the Institutional Animal Care and Use Committee of the 

University of Minnesota and in accordance with the guiding principles for care and use of 

experimental animals approved by the Councils of the American Physiological Society 

and the National Research Council.  

Both anesthetized and awake mice were studied.  Experiments in anesthetized 

mice enabled rapid and homogenous application of drugs and manipulation of the 

extracellular Ca2+ concentration directly over the folium of interest.  Experiments in 

awake mice allowed for determination of the relation between the oscillations in the 

cerebellar cortex and the motor attacks.  Experimental details on the anesthetized animal 

preparation and optical imaging techniques have been provided in previous publications 

and are only briefly described here (Reinert et al., 2004; Gao et al., 2006). The mice were 

anesthetized by intramuscular injection of a cocktail of ketamine (60 mg/kg), xylazine (3 

mg/kg) and acepromazine (1.2 mg/kg),  placed in a stereotaxic frame, mechanically 

ventilated and body temperature feedback-regulated. The electrocardiogram was 

monitored to assess the depth of anesthesia, allowing anesthetics to be supplemented as 

needed.  After the craniotomy a watertight chamber of dental acrylic was created around 

the exposed cerebellar cortex that typically included Crus I, II, PML, and lobulus 

simplex.  In 5 tg mice, the craniotomy was enlarged to include VII and VIII.  The 
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chamber was filled and periodically rinsed with a gassed Ringer’s solution (Gao et al., 

2006).  In the anesthetized mice drugs in normal Ringer’s solution were applied to the 

cerebellar surface, including diltiazem hydrochloride (Tocris, Ellisville, MO), FPL (2,5-

Dimethyl-4-[2-(phenylmethyl)benzoyl]-1H-pyrrole-3-c arboxylic acid methyl ester, 

Tocris)  and DNQX (6,7-Dinitroquinoxaline-2,3-dione disodium salt, Tocris). 

Optical imaging in the awake mice required two survival surgeries and was done 

by imaging through the transparent bone over the cerebellar cortex (Tohmi et al., 2006). 

In the initial surgery, a headholder system consisting of a restraining bar was attached to 

the frontal skull with 3-4 stainless steel screws embedded in cement.  After a week 

recovery, the second surgery exposed the skull over Crus I, II and PML by removing only 

the soft tissues.  A watertight chamber around the exposed skull was constructed and 

covered with petroleum jelly.  An analgesic (buprenorphine, 0.1 mg/kg, I.P., bid) and 

antibiotic (Penicillin 10,000 IU/kg, I.M., qd) were given after both surgeries for 3 – 5 

days.  Data collection was initiated the day after the second surgery and continued for up 

to 5 days.  

We also assessed the effects of L-type Ca2+ channel agonists and antagonists on 

the oscillations in the awake tg mouse.  The challenge was to gain access to the cerebellar 

cortex in the awake animal.  In preliminary experiments, we found that removal of the 

bone to expose several folia of the cerebellar cortex (as in the anesthetized experiments) 

invariably resulted in the cerebellar cortex swelling, pushing through the craniotomy and 

eventual vascular compromise of the cerebellar cortex.  However, if on the day of 

imaging, only a small opening was made in the chamber under anesthesia that exposed 

~50-75% of Crus II this problem could be minimized.  The mouse was allowed to recover 

from the anesthesia and optical imaging was performed.  After imaging for a period of 

~60 minutes (baseline period), FPL (50 µM) was added to the bath over the site of the 

small craniotomy followed by imaging for another 60 minutes.  Finally, diltiazem (50 

µM) was added to the bath and the imaging resumed for 60 minutes.   
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Optical Imaging 

 Using a modified Nikon epifluorescence microscope fitted with a 4X objective, 

images were acquired with a Quantix cooled charge coupled device camera with 12 bit 

digitization at a final resolution of 256 X 256 pixels (~10 μm X 10 µm per pixel)(Roper 

Scientific, Tucson, AZ).  A 100 W mercury-xenon lamp (Hamamatsu Photonics, 

Shizouka, Japan) with a d.c. controlled power supply (Opti Quip, Highland Mills, NY) 

was used as the light source.  Imaging flavoprotein autofluorescence used a band pass 

excitation filter (455 ± 35 nm), an extended reflectance dichroic mirror (500 nm), and a 

>515 nm long pass emission filter (Reinert et al., 2004).   The imaging procedures for the 

awake mouse were similar to the anesthetized mouse experiments with the following 

additional steps.  Using the restraining bar, the head was fixed and the body loosely fit 

into a plastic tube attached to the stereotaxic frame to prevent excessive body movement.  

The optical chamber was cleaned and filled with Ringer’s prior to placing the mouse on 

the imaging station.  Caffeine (10-15 mg/kg, I.P.) was used to facilitate an attack of 

dystonia (Fureman et al., 2002).  Each image series consisted of 600 sequential frames, 

with an exposure time of 200 msec for each frame.  The first 20 frames were used as 

control for baseline fluorescence.  In some experiments, surface stimulation was 

delivered to the cortex after the first 20 frames.  Surface stimulation consisted of a short 

train (10 pulses) at either 100 or 10 Hz, with a pulse width of 100 µsec and amplitude of 

100-300 µA.  The optical responses evoked by parallel fiber stimulation were quantified 

as the change in fluorescence above background (ΔF/F) by defining a 15 pixel wide 

region of interest along the entire evoked beam as detailed in previous publications (Gao 

et al., 2003; Reinert et al., 2004). 

Neural and EMG data acquisition 

Single neuron firing was recorded with single-core quartz-platinum/tungsten 

electrodes (tetrode, 0.5-1.5 MΩ, Thomas Recording) using conventional 

electrophysiological techniques (Gao et al., 2006).  The recording electrode was 

introduced caudally and utilized the imaging data as reference to ensure that the position 
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of the recording electrode remained on or off the oscillation domains.  The presence of 

spontaneous complex spikes and simple spikes was used to identify PCs. All other cells 

were classified as unidentified cerebellar neurons.  The single unit recording data were 

digitized (25 KHz) on-line and stored for additional off- line analysis including 

discrimination and firing rate histograms of the spike discharge in 1 msec bins (Spike 2, 

Cambridge Electronic Design Ltd., Cambridge, England).  The locations of the cell 

recordings were mapped in relation to the optical signal.  

The field potentials evoked by PF stimulation were recorded in the molecular 

layer using glass microelectrodes (2M NaCl, 2-5 MΩ) as detailed in previous studies 

(Reinert et al., 2004; Gao et al., 2003).  The field potential recordings were digitized at 25 

KHz and the average of the responses to 16 stimuli at 1.0 Hz generated.  Surface 

stimulation results in a classic triphasic potential (positive/negative/positive, P1/N1/P2) 

“on-beam” that reflects the action potential conducted along the parallel fibers, followed 

by a slower negativity (N2) that reflects the synaptic depolarization of Purkinje cells 

(Eccles et al., 1967).  The P1/N1 component was used as a measure of the presynaptic 

component and N2 the postsynaptic component.   

Bipolar intramuscular EMG recordings were obtained from ipsilateral hamstring 

and/or peri-oral whisker pad muscles using pairs of insulted fine wires (50 µm) exposed 1 

mm at the tips.  The EMG signals were band-pass filtered online (10 Hz - 3 KHz) and 

amplified, then digitized and stored at 6250 samples/sec (Spike 2, Cambridge Electronic 

Design Ltd., Cambridge, England).  

Analysis of Optical Oscillations  

In each frame of an image series, the image intensity values were low-pass 

filtered using a 3 x 3 pixels mean filter centered in the current pixel.  The optical signal at 

a pixel consists of the filtered intensity values across all frames within an image series.  

The optical signal for each pixel was linearly detrended and transformed into the 

frequency domain using a 2048 point Fast Fourier Transforms algorithm (FFT).  The 

power spectral distribution of the optical signals was computed using a 50% Hanning 
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window with 25% overlap.  At each pixel, the frequency at which the maximal power 

was reached was defined as the dominant frequency.  The frequency and power maps of 

each series were created by associating to each pixel a value equal to the dominant 

frequency and maximal power, respectively.  The phase of the dominant Fourier 

coefficient was used to create the phase shift maps. The frequency histograms presented 

in the figures were binned to 0.0098 Hz resolution and normalized to the total number of 

bins. 

The frequency and power maps were used to quantify the oscillations and 

determine the effects of various manipulations on the oscillations in the anesthetized 

animals.  Similarly, in the awake animals the frequency and power maps were used to 

quantify the oscillations in relation to the motor attacks and EMG activity.  Frequency 

histograms of the maximal power at each pixel were used to determine the frequency 

bands of interest and to compare tg mice versus wild type controls and dystonic versus 

baseline periods (see Figs. 14J and 18C).  Using the frequency bands of interest, the next 

analyses were based on defining regions of high amplitude oscillations, referred to as 

high power domains.  The first step was to determine a common power threshold for all 

image series obtained during an experiment.  The power threshold was defined as the 

mean power of all pixels during the control image series with frequencies in the band of 

interest (as defined above for anesthetized and awake animals).  In the anesthetized 

animals, the control image series were those recorded before applying a drug.  In the 

awake animals, the baseline image series were those recorded during periods without 

dystonia.  All pixels above the power threshold, with frequencies in the band of interest 

were conserved and the remaining pixels were set to 0.  The conserved pixels were either 

in contiguous domains or isolated pixels.  Only the former were considered of interest.  

Therefore, for the second step a domain area threshold of 400 contiguous pixels (0.04 

mm2) was selected to eliminate isolated pixels and very small domains of contiguous 

pixels.  All pixels not included in a domain of at least 400 pixels were set to 0.  Also, if a 

high domain was located on a blood vessel, the pixels were set to 0.  All null pixels were 
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excluded from the maps. Therefore, the autofluorescence signal in the high power 

domains reflects activity primarily within the cerebellar cortical neuropil.  

If a map yielded no high power domains, the average domain power and the 

average domain area were set to 0.  Finally, for the statistical analysis, the average 

domain power and the average domain area were normalized to the maximum respective 

values recorded during an experiment.   

Although the power threshold and domain area were chosen empirically, a range 

of power thresholds (0.0, 0.5 and 1 SD above the mean) and domain areas (100-1000 

contiguous pixels) were examined and yielded similar results.  The decision to use mean 

power for the threshold was to be widely inclusive of high amplitude oscillations.  

Similarly, the domain area of 400 pixels retained small regions with well-defined 

oscillations.  

To determine whether the area and power of the high power domains differed 

with the various drugs or in the dystonic versus baseline periods, a within subjects 

repeated measures analysis using a Friedman non-parametric test was performed on the 

rank order of the normalized average domain area and normalized average power data.   

Neural and EMG Data Analysis  

The continuous EMG recordings were divided in temporal windows of the same 

duration as the optical recordings and then rectified and linearly detrended.  The analysis 

in the frequency domain is the same as the one performed on the optical signals, except 

for the number of points in the FFT, which was set to 222.  This algorithm yields a 

frequency resolution close to that obtained in the optical data analysis.  In order to 

perform coherence analysis between EMG and optical signals, the EMG signals were 

down-sampled from 6250 Hz to 5 Hz. Each down-sampled signal was then normalized to 

the maximum value.  

The coherence (
2

)(λOptEMGR ) between the optical signal at each pixel (fOpt) and 

the EMG signal (fEMG) was evaluated by the formula: 
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in which λ is a value in the frequency domain, L is the number of non-overlapping 

windows, T is the time duration of a window, the d’s are the Fourier coefficients ( d  is 

the complex conjugate of d) obtained by transforming the optical and the down-sampled 

EMG signals in the l-th window through a 2048 point FFT algorithm.  The threshold for 

coherence significance is obtained by the formula 1
1

)1(1 −−− Lα  in which α is the level of 

confidence and L is the number of non-overlapping windows used.  In the present study 

10 non-overlapping windows were used and the level of confidence was set to 0.95.  The 

resulting threshold to reach a significant coherence is 0.283 (Rosenberg et al., 1989). 

Coherence maps were constructed for each image series by assigning the coherence value 

to each pixel within a high power domain.  All other pixels were excluded.  For each 

animal, the coherence maps were averaged during baseline and dystonic periods, taking 

into account the overlaps of high power domains in different maps (i.e., the average of 

the coherence in overlapping high power domains was normalized so that overlapping 

and non-overlapping regions contributed equally). For each of the behavior periods the 

average coherence and the relative percentage of non-null pixels above the coherence 

significance threshold (0.283) were determined.  For these analyses the data from the 

coherence maps based on EMG recordings from the hamstring and face were combined. 

Repeated measures ANOVA analyses were performed to assess the differences in the 

average coherence and percentage of significant coherence between baseline and dystonic 

periods. 

The continuous extracellular recordings were also divided into temporal windows 

of the same duration as the image series (124 sec).  The spike discrimination was 

performed using Spike2.  The spike train data was transformed to a continuous discharge 
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rate using fractional interspike intervals with down-sampling to 5 Hz (Taira et al., 1996).  

The spectral content was obtained using a 2048 point FFT algorithm.  A cell was 

classified as having low frequency oscillations if the highest peak in the spectrum 

(excluding 0) was in the frequency band of interest for anesthetized animals (0.039 Hz to 

0.078 Hz). 

 All the data processing was performed using programs written in Matlab 

(MathWorks, Natick, MA). The statistical analysis was performed using SAS (SAS 

Institute, Cary, NC). In the text and figures all results are reported as mean ± S.E.M.  
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Results 

Low frequency oscillations in anestthetized tg mouse  

Low frequency oscillations characterized by cycles of large increases and 

decreases in fluorescence were observed in the cerebellar cortex of the tg mouse (Fig. 

14A-B).  Oscillations were found in all folia imaged, including Crus I and II, PML, 

lobulus simplex and lobules VII and VIII (Fig. 14C and Fig. 15A, see Methods).  The 

magnitude of the autofluorescence changes associated with the oscillations (Fig. 14B) are 

comparable to those evoked by direct electrical stimulation of the PFs (Fig. 15C), 

implying large fluctuations in cell activity (Reinert et al., 2004).  

 Analysis and quantification of the oscillations were based on spectral analyses of 

the autofluorescence signal.  The oscillations in the optical signal were characterized by 

determining the frequency with the maximum power at each pixel location.  Using these 

values, frequency, power and phase shift maps were constructed.  Contiguous regions of 

oscillations in phase and within a narrow range of frequencies are evident in the 

frequency and phase maps (Fig. 14C and D).  Conversely, different cortical regions 

oscillate at varying mean frequencies and different regions are not necessarily in phase.  

The frequency histograms from anesthetized tg and wild-type mice show a different 

distribution of frequencies.  The largest differences were between 0.039 and 0.078 Hz 

(Fig. 14J, Student’s t-test, p = 0.02), which was defined as the frequency band of interest. 

The power maps based on the frequency band reveal a wide range of amplitude in 

the oscillations (Fig. 14E).  In this study we focused on analyzing and quantifying the 

larger amplitude oscillations, as the low amplitude oscillations were highly variable 

within and across experiments.  Therefore, high power domains were defined as regions 

of at least 400 contiguous pixels (area of 0.04 mm2) with frequencies within this 

frequency band and greater than average power (Fig. 14F).  High power domains were 

observed in 78% (14/18) of the anesthetized tg mice.  The average area and power of the 

high power domains were 0.34 + 0.04 mm2 and 1123 + 147, respectively, in the 

anesthetized tg mice (n = 18).  In wild-type animals (n = 9), oscillations at these  
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Figure 14.  Spontaneous, low frequency oscillations in the cerebellar cortex of the 
anesthetized tg mouse. A) Sequential images of the cerebellar cortex show spontaneous 
oscillations in an anesthetized tg mouse. Large amplitude oscillations are present in the 
paramedian lobule (PML) and lower amplitude oscillations in Crus I and II.  Each 
pseudocolored image shows the difference in fluorescence level relative to the 
background fluorescence (∆F/F). Time from image acquisition onset indicated in the 
upper right corner of each image. B) Timecourse of ∆F/F obtained from three regions of 
interest (ROIs) indicated in the first image of A (colored boxes of 20 × 20 pixels). C-F)  
Pixel based spectral analysis shows the frequency (C), phase shift (D), power (E) and 
high power domain maps (F) for the same experiment. Each map is superimposed on a 
background image of the cerebellar cortex. G-I) Frequency (G), power (H) and high 
power domain (I) maps from a wild-type (WT) mouse. Note that the frequency (G) and 
power maps (H) appear almost identical due to the very low power of the frequency band 
of interest, but in fact are not the same. J) Distribution of frequencies shown as percent of 
all pixels in anesthetized tg (n = 18) and WT (n = 9) mice 

 

frequencies occurred only at isolated pixels and high power domains were never found 

(Fig. 14G-J).  Based on the presence of high power domains, the low frequency 



 

 104 

oscillations occurred most frequently in PML and Crus II (37% and 34% respectively, of 

total observations), less frequently in the vermis and Crus I (24% and 18%), and 

occasionally in lobulus simplex (SL, 5%). 

 

 

 

 

 

 

 

 

Figure. 15.  Spreading of oscillations and their effects on cerebellar cortical activity. A) 
Frequency maps show the evolution of the oscillations from lobulus simplex (SL) to Crus 
I and II.  In this figure, the frequency maps consist of the dominant frequency at each 
pixel within the band of interest for areas of oscillations larger than 400 contiguous 
pixels. B) Cerebellar cortical response to surface stimulation (100 μA, 100 μsec pulses at 
10 Hz for 10 sec) in WT mouse (left image) and tg mouse (center and right images) when 
high power domains were absent  (tg - Baseline) and present (tg - Oscillations).  Inset 
shows ∆F/F within the red square and the corresponding absence or presence of large 
amplitude oscillations. C) Average evoked optical responses for the indicated stimulation 
amplitudes (100 µsec pulses at 10 Hz for 10 sec) in WT and tg mice (n = 5 for both 
groups) during periods without and with high power oscillations.  In this and subsequent 
figures, an * indicates a significant effect between the two conditions (see text for details 
on exact p-value and statistical test).  Data shown for the three PF stimulation amplitudes 
tested (100, 200 and 300 μA). 

 

The oscillations were spontaneous and transient.  The oscillations develop, 

increase in amplitude and subside over 30 – 120 minutes (Fig. 15A).  At the beginning of 

this series of images, there were oscillations in both Crus II and SL.  Over a period of 

approximately 60 minutes, the oscillations in SL expanded in size and spread into both 
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Crus I and Crus II.  Subsequently, the oscillations contracted to a few small regions.  This 

sequence of development, expansion, and contraction of the oscillations was observed in 

72% (13/18) of the anesthetized tg mice studied.  

 

 

 

 

 

 

 

 

 

 

 

 

Figure. 16.  Oscillating activity in the firing of single cells in the anesthetized tg mice. A 
– C) On the left are examples of the spontaneous firing rate of two Purkinje cells (A and 
B) and an unidentified cerebellar cell (C). On the right are the corresponding power 
spectra.  The vertical bars on the y-axis denote the power. D) Number of neurons with 
and without low frequency oscillations in their spontaneous firing. Neurons were defined 
as possessing oscillations if the peak power in the firing was between 0.039 and 0.078 
Hz, as shown for the example cells in A-C. 

 

There are several reports that PF-PC synaptic transmission is altered in the 

cerebellar slice from the tg mouse (Matsushita et al., 2002; Zhou et al., 2003).  Therefore, 

we used flavoprotein imaging to assess the optical response to PF stimulation in the intact 

preparation.  Stimulation of the PFs evokes a beam-like increase in fluorescence (Fig. 
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15B) that primarily reflects activation of PCs and inhibitory interneurons (Reinert et al., 

2004; Gao et al., 2006).  This evoked response was decreased in tg mice compared to 

wild-type. During time periods in which high power domains were not present, the 

response amplitude evoked by surface stimulation was reduced by 47 ± 4% (p = 0.0006, 

Student’s t-test, n = 5) in the tg mice (Fig. 15B and C).  Interestingly, when high power 

domains were present, the response to PF stimulation was suppressed by more than 90% 

(p = 0.0004, Student’s t-test, n = 5), irrespective of stimulation strength (Fig. 15C).  

Low frequency oscillations were also common in the spontaneous firing of 88 

cerebellar cortical neurons recorded in 9 anesthetized tg mice.  This is illustrated in Fig. 

16A-C for the discharge of two PCs and one unidentified cerebellar neuron.  The firing of 

each neuron exhibited oscillations within the frequency range observed in the optical 

recordings, as shown in the power spectrum of the firing.  A cell was defined as having 

low frequency oscillations if the highest peak in the spectrum (excluding 0 Hz) from the 

firing discharge occurred within the frequency band identified from the optical imaging 

(0.039 - 0.078 Hz).  Using this criterion, 91% of PCs (42/46) and 74% (31/42) of 

unidentified cerebellar neurons exhibited low frequency oscillations (Fig. 16D).  

Therefore, the oscillations in the autofluorescence signal are not merely a metabolic 

phenomenon and the oscillations are widely reflected in the firing of cerebellar cortical 

neurons.  

Low frequency oscillations cellular mechanisms 

A major question is whether the oscillations are intrinsic to the cerebellar cortex or are 

due to abnormal afferent input.  Blocking AMPA receptors with 50 µM DNQX (a potent 

and competitive antagonist of non-NMDA, ionotropic glutamate receptors), the dominant 

ionotropic glutamate receptors at PF-PC and climbing fiber-PC synapses (Konnerth et al., 

1990; Perkel et al., 1990), did not significantly affect the occurrence (X2 = 0.61, p = 

0.43), average area (F(1, 4) = 0.39, p = 0.59) or power (F(1, 4) = 0.09, p = 0.77) of the 

high power domains in tg mice (Fig. 17A and B).  The effectiveness of DNQX on 

blocking PF-PC synaptic transmission in vivo was verified by testing the effects on the 
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field potentials evoked by PF stimulation.  Application of DNQX produced a complete 

block of the post-synaptic component N2 (-0.16 ± 0.01 mV during baseline and 0.00 ± 

0.00 mV with DNQX) with no effect on the pre-synaptic component P1/N1 (0.37 ± 0.02 

mV and 0.36 ± 0.04 mV).  This observation is in agreement with our previous studies in 

vivo showing that a similar antagonist, CNQX, blocks the post-synaptic responses to PF 

stimulation in the molecular layer and the post-synaptic responses evoked by peripheral 

inputs in the granular layer (Chen et al., 2001; Chen et al., 1996; Reinert et al., 2004).  

Furthermore, stimulation of the PFs (including stimulation of PFs that intersected high 

power domains) over a wide range of frequencies (0.05 -100 Hz) and train durations (1-

100 sec) did not initiate oscillations or modify on-going oscillations. In 6 tg mice, PF 

stimulation did not significantly affect the occurrence (X2 = 0.88, p = 0.64), power 

(F(2,5) =  0.7, p = 0.52 ) or size (F(2,5) = 0.19, p = 0.83) of the high power domains.   

These results demonstrate that the oscillations in high power domains are not dependent 

on AMPA mediated glutamatergic synaptic transmission.  Nor are the oscillations 

initiated or affected by PF stimulation.  We conclude that the oscillations are primarily 

intrinsic to the cerebellar cortex. 

Because L-type Ca2+ channels are essential for the expression of the episodic 

dystonia in tg mice (Campbell and Hess, 1999), we tested whether the oscillations are 

Ca2+ and L-type Ca2+ channel-dependent.  Removal of Ca2+ from the bathing solution 

significantly reduced the occurrence (X2 = 8.97, p = 0.003), area (F(1, 4) = 25.85, p = 

0.01) and power (F(1, 4) = 15.19, p = 0.02) of the oscillations (Fig. 17C and D). Blocking 

L-type Ca2+ channels with diltiazem, also reduced the occurrence (X2 = 10.4, p = 0.001), 

area (F(1, 3) = 10.33, p = 0.049) and power (F(1, 3) = 10.33, p = 0.049) (Fig. 17E and F).  

Conversely, addition of the L-type Ca2+ channel agonist, FPL (50 μM), to the bath 

resulted in an increase in the occurrence (X2 = 4.99, p = 0.003), power (F(1,4) = 17.5, p = 

0.014), and area (F(1,4) = 9.1, p = 0.039) of the oscillations (Fig. 17G and H).  The 

application of FPL also induced oscillations in wild-type, littermates (n = 8).  This is not  
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Figure. 17.  Roles of AMPARs, extracellular Ca2+ and L-type Ca2+ channel agents on the 
cerebellar oscillations in anesthetized tg mice. A-B)  High power domain maps (A) and 
average normalized area and power (B) before and after bath application of DNQX (50 
μM) in 4 tg mice. C-F)  Similar maps and plots for normal Ringer’s (Control) and Ca2+ 
free Ringer’s (0 Ca2+ and 2 mM EGTA) in 6 tg mice (C-D) and before and after diltiazem 
(50 µM) in 4 tg mice (E-F). G-H) High power domain maps and area and power 
averages in normal Ringer’s and with the addition of FPL (50 μM) to the bath in five tg 
mice.   
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unexpected as systemically injected L-type Ca2+ agonists induce dystonia in both wild-

type and tg mice (Jinnah et al., 2000; Campbell and Hess, 1999).    

While the average area of the high power domains of these oscillations was not 

statistically different in wild-type (0.27 ± 0.03 mm2) and tg (0.49 ± 0.09 mm2) mice 

(F(1,11) = 1.12, p = 0.313), the power was lower in wild-type (601 ± 216) than in the tg 

mice (5590 ± 1388) (F(1,11) = 6.56, p = 0.026 ). These results demonstrate that L-type 

Ca2+ channels play a major role in the generation of the oscillations. 

In the tg mouse, the FPL was added to the bath when the amplitude of the 

oscillations was small, partially accounting for the relatively smaller area and power in 

the control period (Fig. 17G and H).  To test whether the effects of FPL were due to 

random occurrence of oscillations that followed a period of weak oscillations an 

additional analysis was performed.  In the anesthetized tg mice without application of 

FPL, the periods with spontaneous oscillations were divided in half.  The animals that 

showed strong oscillations in the first half (mean of area and power greater than the mean 

area and power of the baseline periods in the mice with FPL application) were discarded.  

For the remaining animals (n = 11) there were no significant differences in area (F(1, 10) 

= 0.02, p = 0.88) or power  (F(1, 10) = 0.02,  p = 0.88) of the oscillations between the 

first and second halves.  Therefore, the oscillations observed after FPL application were 

due to the application of this L-type Ca2+ channel agonist. 

Low frequency oscillations in awake tg mouse 

 Low frequency oscillations are present in the cerebellar cortex of awake tg mice 

(Fig. 18A).  This was determined by taking advantage of the transparent bone over the 

cerebellar cortex and the ability to image the flavoprotein signal transcranially (Tohmi et 

al., 2006).  Comparing the frequency histograms in the baseline (i.e., non-dystonic 

periods) versus during dystonic periods in awake animals (n = 7), the frequency band of 

interest was determined to be 0.078 to 0.313 Hz (Fig. 18C, Student’s t-test, p = 0.0001).  

The oscillation frequencies were higher and spanned a greater range than in the  
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Figure 18.  Cerebellar oscillations in awake tg mouse and their relationship with episodes 
of dystonia.  A) Example high power domain maps of the awake tg mice during baseline 
and dystonic periods.  B) Average normalized area and power of the oscillations (mean + 
SEM, n = 7 tg mice).  Both measures increase significantly during dystonia (*).  C) 
Frequency histograms from the optical recordings during the baseline and dystonia 
periods (n = 7 tg mice).   

 

anesthetized animals (compare Figs. 18C and 1J), likely reflecting the effects of 

anesthetics on cerebellar cortical and PC excitability (Sato et al., 1993).  High power 
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domains defined by this frequency band were observed both during baseline (average 

area 0.11 ±  0.02 mm2, average power 547 ± 74) and dystonic periods (average area 0.61 

± 0.08 mm2, average power 1316 ± 124).  In the awake tg mouse, caffeine not only 

triggers the motor attacks but also accentuates the oscillations.  The occurrence (X2 = 

46.6, p = 0.0001), area (F(1, 6) = 13, p = 0.01) and power (F(1, 6) = 9.51, p = 0.02) of the 

high power domains increased significantly during the dystonic episodes induced by 

caffeine (Fig. 18B).    

In awake wild-type mice (n = 8), only very weak oscillations (average area 0.012 

± 0.006 mm2, average power 11 ± 5) were observed.  It is worth noting that the average 

area and power of the oscillations in the wild-type mice were an order of magnitude 

smaller than observed in the tg mice.   The occurrence (X2 = 15.82, p = 0.0001), area 

(F(1, 13) = 8.24, p = 0.01) and power (F(1, 13) = 8.24, p = 0.01) in the wild-type were 

significantly different than in the tg mouse.  These marked differences in the oscillations 

also exclude potential confounds in the awake preparation, such as the use of 

buprenorphine, as this analgesic was used in both the tg and wild-type mice. 

To test for coupling between the oscillations in the cerebellar cortex and the 

motor attacks,  hindlimb and/or face EMG activity were recorded simultaneously with the 

cerebellar optical imaging in awake tg mice (see inset Fig. 19A).  During the periods of 

dystonia there were bursts of EMG activity at the same low frequencies as observed in 

the cerebellar cortex (Fig. 19A).  The power spectrum of the EMG activity was 

determined from 11 hamstring and 11 whisker pad recordings in 12 tg mice and the 

power spectrums were averaged across baseline and dystonic periods (Fig. 19B).  As 

expected, during the dystonic movements there was a general increase in the EMG 

power.  The largest differences in power were observed between 0.077 and 0.28 Hz (Fig. 

19B, Student’s t-test, p = 3.5 X 10-17), similar to the frequency range found for the optical 

recordings in the cerebellar cortex (Fig. 18C). 
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Figure 19. Oscillations in the EMG activity and relation to the optical signals in the 
cerebellar cortex. A)  Power spectrum frequency distributions from a single mouse for the 
optical (bars) and hamstring EMG recordings (lines) during dystonia (red) and baseline 
(blue) periods. Inset shows regular, low frequency bursts in the hamstring EMG during 
dystonia. B) Average power spectrum in the EMG activity in awake tg mice during 
baseline (blue) and dystonia (red) periods.  The data from the hamstring and whisker pad 
recordings were combined in this plot. C-D) Examples of coherence maps between the 
optical activity within high power domains and the EMG activity for the hamstring (C) 
and whisker pad (D). Arrow pointing to the scale-bar denotes coherence significance 
level (p < 0.05).  Data are from same experiment shown in Fig. 19A. E) Average area 
with significance coherence and average coherence magnitude during baseline and 
dystonic periods.  Both are significantly increased during the dystonia (*). 
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Fig. 20.  Effects of L-type Ca2+ channel agonists and antagonists on the oscillations in the 
awake tg mouse. A) Distribution of frequencies as a percent of all pixels in the baseline 
period and with application of FPL (50 µM) and diltiazem (Dilt, 50 µM) in 4 tg mice. B)  
Average normalized area and power for oscillations in the baseline, FPL and diltiazem 
periods.  FPL resulted in an increase in both area and power compared to the baseline (*).  
Diltiazem resulted in a significant reduction in the FPL induced oscillations (*). 

 

Next, we calculated the coherence between the EMG activity and the optical 

signals within the high power domains to generate a coherence map.  Coherence 

magnitude increased during the dystonic periods as shown in the example coherence 

maps from an experiment in which both the hamstring and whisker pad EMG activity 

were recorded (Fig. 19C and D).  In 6 tg mice in which simultaneous EMG and optical 

recordings were obtained, the average coherence increased from 0.17 ± 0.02 during the 
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baseline periods to 0.31 ± 0.05 during dystonic periods (F(1,5) = 6.98, p = 0.046, Fig. 

19E).  The average coherence magnitude exceeded the level required for significance 

(0.283 for the 95% confidence level).  Furthermore, the percentage area of the high 

power domains with significant coherence increased from 17 ± 5% to 50 ± 11% (F(1,5) = 

8.53, p = 0.03, Fig. 19E).  Therefore, during the attacks of dystonia the cerebellar cortical 

oscillations increase and are coupled with the abnormal EMG activity. 

The final experiment tested whether L-type Ca2+ channels are involved in the 

oscillations in the awake tg mice.  A small craniotomy was made in the bone over Crus II 

under anesthesia. The mice (n = 4) were allowed to recover from the anesthesia followed 

by imaging in the awake animal before, during and after the application of FPL and 

diltiazem (see Methods).  Adding FPL (50 µM) to the bath produced low frequency 

oscillations (Fig. 20A) and the frequency range of the oscillations was similar to that 

evoked by caffeine (Fig. 18C).  During FPL application the power in these low frequency 

oscillations (using the frequency range defined for awake animals of 0.078 to 0.313 Hz) 

was significantly greater than that observed in the baseline period (Student’s t-test, p = 

0.002).  The subsequent addition of diltiazem (50 µM) to the bath completely suppressed 

the oscillations (Fig. 20A).  The two drugs had significant effects on both the area and 

power (F(2,6) =14.5, p = 0.005 and F(2,6) = 13.4, p = 0.006, respectively).  A post-hoc 

comparison with Bonferroni correction showed that the FPL produced a significant (p < 

0.05) increase in the area and power compared to the baseline and diltiazem produced a 

significant suppression of the FPL induced oscillations (Fig. 20B).  There were no 

significant differences in the area and power comparing the mice at baseline and after 

addition of diltiazem.  Although systemic administration of an L-type Ca2+ channel 

agonist evokes an attack of dystonia (Campbell and Hess, 1999), the application of FPL 

to Crus II did not evoke abnormal movements.  However, this is not unexpected as only a 

small and specific area of the cerebellar cortex was exposed to the drug.  For the 

induction of dystonia most likely a larger area of the cerebellar cortex needs to be 

exposed to the FPL. 
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Discussion 

Taking advantage of the capacity of flavoprotein optical imaging to monitor the 

circuitry of the cerebellar cortex, this study uncovered the existence of transient, very low 

frequency, Ca2+-dependent oscillations in the cerebellar cortex of the tg mouse.  Given 

the variable nature of the oscillations in both space and time, the use of optical imaging 

proved invaluable to detect and characterize the oscillations in the anesthetized and 

awake animal. The flavoprotein signal is a measure of oxidative metabolism and closely 

reflects neuronal activity in which an increase in activity results in an increase in 

fluorescence (Reinert et al., 2004; Gao et al., 2006; Shibuki et al., 2003).  The close 

coupling between the optical signal and the underlying neuronal activity is demonstrated 

in this study by the finding that the firing of the vast majority of cerebellar cortical 

neurons had oscillations at the same low frequencies. 

In the anesthetized tg mouse, low frequency oscillations between 0.039 - 0.078 

Hz were observed in the various folia imaged. Oscillations within a region of a folium 

were in phase and within a narrow range of frequencies but the amplitudes varied greatly 

in different regions.  The oscillations can develop into high power domains and propagate 

to neighboring regions.  The discharge of the majority of cerebellar cortical neurons, both 

PCs and unidentified cerebellar neurons, were oscillating within the same frequency 

band.  Similar oscillations were imaged in the cerebellar cortex of the awake tg mouse 

and the oscillations increased during the dystonic episodes.  The limb and face EMG 

activity have oscillations at similar frequencies during the episodes of dystonia and the 

EMG activity becomes coherent with the oscillations in the cerebellar cortex.  These 

previously unreported oscillations in the optical signal and single cell firing provide new 

information into the abnormalities in cerebellar cortical function in the tg mouse, adding 

to the previously described reduction in PF-PC synaptic transmission, increase in 

GABAergic synaptic efficacy, and increased variability in PC discharge (Matsushita et 

al., 2002; Hoebeek et al., 2005; Walter et al., 2006; Zhou et al., 2003).  
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The frequency band of the oscillations is more than an order of magnitude lower 

than expected for cardiovascular or respiratory movements.  In the anesthetized animal, 

the heart rate was typically about 8 Hz (~500 beats/min) and the respiratory rate about 2 

Hz (~120 strokes/min).  The latter was clearly detectable in the spectral analyses (data not 

shown).  Similar heart and respiratory rates are found in awake animals (Desai et al., 

1997; Fairchild, 1972).  A pervasive 0.1 Hz signal has been described for the intrinsic 

hemodynamic reflectance signal and has been attributed to vasomotor activity (Mayhew 

et al., 1996).  However, there is no evidence for a 0.1 Hz oscillation in the flavoprotein 

signal in wild-type mice (Fig. 14G-I).  Also, the hemodynamic reflectance signal is of a 

fundamentally different origin than flavoprotein autofluorescence and is imaged at 

different wavelengths using reflectance.  Hemodynamics contributes little, if any, to the 

flavoprotein signal (Shibuki et al., 2003; Husson et al., 2007; Reinert et al., 2004).  Also, 

several properties of the low frequency oscillations in the tg mouse are not consistent 

with a systemically generated vasomotor signal, particularly the loss of the response to 

PF stimulation when high power domains were evident. 

The evidence suggests that the oscillations are likely generated within the 

cerebellar cortex.  Blocking AMPA mediated afferent inputs to the cerebellar cortex did 

not affect the oscillations.  DNQX and similar AMPA antagonists block the vast majority 

of the PF and climbing fiber input to PCs (Konnerth et al., 1990) (Reinert et al., 2004; 

Dunbar et al., 2004) as well as a large fraction of the mossy fiber input to granule cells 

(Konnerth et al., 1990).  Also, PF stimulation did not initiate oscillations or alter on-going 

oscillations.  These observations, coupled with the fact that the oscillations occur in 

anesthetized mice in which sensory feedback from the periphery is greatly reduced, 

suggest that it is unlikely that the oscillations are due to peripheral feedback generated 

during dystonic attacks.  Finally, topical application of the L-type Ca2+ channel agonist, 

FPL, increased the area and power of the high power domains in both the anesthetized 

and awake mice.  This provides the most direct evidence that the oscillations can be 

initiated and generated within the cerebellar cortex.  Our results do not address the 
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question of whether neurons outside of the cerebellar cortex also exhibit low frequency 

oscillations.  P/Q-type Ca2+ channels are also expressed in non-cerebellar neurons, 

including in the neocortex, hippocampus and spinal cord (Stea et al., 1994; Svoboda et 

al., 1997; Westenbroek et al., 1995) and it remains to be determined whether in the tg 

mouse these regions have similar low frequency oscillations. 

The reduction in the optical response to PF stimulation when the high power 

domains were not present is consistent with previous observations that PF-PC synaptic 

transmission is decreased in the tg mouse (Matsushita et al., 2002) and/or that PF-PC 

synaptic transmission is more susceptible to inhibition mediated via GABAB receptors 

(Zhou et al., 2003).  We did not attempt to distinguish between these two possibilities. 

However, the extent of the reduction in glutamatergic transmission at PF-PC synapses 

remains to be clarified as the loss of pre-synaptic P/Q-type Ca2+ channels can be 

compensated to some degree by an increase of N-type Ca2+ channels (Zhou et al., 2003). 

The evoked response to PF stimulation is almost completely lost (<90%) when high 

power domains are present.  Because the optical signal represents the overall energy 

metabolism of the cells and the reduction/ oxidation (redox) state of the flavoproteins 

(Shibuki et al., 2003; Reinert et al., 2004; Reinert et al., 2007), the simplest explanation is 

that the large amplitude oscillations in the flavoprotein signal mask the optical response 

evoked by PF stimulation.  Other possibilities include changes in the flavoproteins (e.g. 

density) or changes in the activation of the mitochondria due to alterations in Ca+2 

dynamics in the tg mouse.  Irrespective of the state of PF-PC synaptic transmission, these 

large oscillations in the redox state of the tg cerebellar cortex are highly abnormal.  

The cellular mechanisms underlying the oscillations need elucidation.  Calcium 

entry through up-regulated L-type Ca2+ channels on PCs is involved because oscillations 

are reduced by blocking these channels and augmented by opening them.  Similar 

oscillations occur in immature PCs in which L-type Ca2+ channels are dominant 

(Liljelund et al., 2000), further implicating L-type Ca2+ channels.  We can only speculate, 

but one plausible mechanism is the interplay between Ca2+ entering through the L-type 
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Ca2+ channels and Ca2+ released from IP3 and ryanodine-sensitive intracellular stores in 

PCs (Berridge, 1998; Finch and Augustine, 1998; Kano et al., 1995). Oscillations at low 

frequencies involving intracellular Ca2+ stores occur in both neuronal and non-neuronal 

systems (Berridge, 1998; Tsien and Tsien, 1990). This putative mechanism also offers an 

explanation for the role of caffeine in triggering an attack.  Caffeine could initiate 

oscillations by mobilizing Ca2+ from PC intracellular stores (Kano et al., 1995; Carter et 

al., 2002), which in turn results in the depolarization of the cell membrane and opening of 

the L-type Ca2+ channels.  However, the role that the reduction in P/Q-type Ca2+ channel 

conductance plays in the oscillations is unclear. One possibility is that the loss of P/Q-

type Ca2+ function simply results in the over-expression of L-type Ca2+ channels and 

changes in the dynamics of Ca2+ influx.  Another possible mechanism is that the decrease 

in PF-PC synaptic transmission effectively isolates PCs from their normal PF input and 

without that normal input the oscillations are more readily generated. Clearly, studies are 

needed of the cellular mechanisms responsible for the oscillations.   

The mechanisms by which the oscillations increase in power and expand into 

neighboring regions also need to be investigated.  One possibility is that the oscillations 

propagate via intracortical inhibitory circuitry, including molecular layer inhibitory 

interneurons, Purkinje cell axon collaterals, or Golgi cells (Eccles et al., 1967; Ito, 1984).  

Molecular layer interneurons are electrotonically coupled sufficiently to generate 

synchronous firing (Mann-Metzer and Yarom, 1999).  It has been shown that 

electrotonically coupled inhibitory neurons could synchronize oscillatory activity in 

neural networks (Bartos et al., 2002; Kopell and Ermentrout, 2004). Moreover, 

GABAergic transmission is increased in the tg mouse (Zhou et al., 2003) and increased 

inhibition can lead to synchronization of PCs (Cheron et al., 2004).  Another potential 

pathway for the propagation is the electrotonically coupled Bergmann glia (Muller et al., 

1996) because these cells can alter PC excitability (Araque and Perea, 2004).   

The differences in the frequencies observed between anesthetized and 

unanesthetized tg mice are likely due to effects of the anesthetics.  Application of FPL in 
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the awake tg mouse results in oscillations in a frequency range similar to that observed 

with systemic caffeine injection.  Conversely, in the anesthetized mouse FPL results in an 

increase in the oscillations within the frequency band in which the spontaneous 

oscillations occur.  In various cell types including neurons, the frequency of the Ca2+ 

oscillations is dependent on both the Ca2+ fluxes across the cell membrane and the 

release/loading dynamics of the intracellular stores (Berridge, 2005). Anesthetics, 

especially the ketamine used in the present study, have large effects on the excitability of 

the cerebellar cortex, including PCs (Sato et al., 1993; Servais and Cheron, 2005; 

Schonewille et al., 2006).  The up-regulated L-type Ca2+ channels are also likely to 

contribute to the differences in the oscillation frequencies, as the recovery and restoration 

time constants of these channels are highly dependent on the depolarization level 

(Harasztosi et al., 1999).  Therefore, by altering Ca2+ conductance, anesthetics could alter 

the frequency of the oscillations.  

We hypothesize that the low frequency oscillations in the cerebellar cortex play a 

major role in the motor attacks in the tg mouse.  Both the cerebellar oscillations and the 

motor attacks are transient and can be triggered by caffeine (Fureman et al., 2002). The 

synchronization and propagation of the oscillations occur over 30-120 minutes, consistent 

with the time course of the motor attacks (Green and Sidman, 1962; Noebels and Sidman, 

1979).  Also, the propagation of the oscillations across the cerebellar cortex is consistent 

with the spread of the motor attacks, beginning in the hindlimbs and then progressing to 

the upper limbs and face.  The oscillations were most frequently observed in two adjacent 

folia, Crus II and PML, and this finding is suggestive of a consistent initiation site.  

However, we note that this inference is based on imaging in a limited number of folia. 

Low frequency bursts are present in the EMG activity of hindlimb and face muscles 

during the attacks of dystonia and the coherence between the cerebellar cortical 

flavoprotein signals and EMG activity increases.  The results also demonstrate that L-

type Ca2+ channel agonists induce both the oscillations in the cerebellar cortex (Figs. 17 

and 20) and the episodic dystonia (Campbell and Hess, 1998).  Conversely, L-type Ca2+ 
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channel blockers suppress the oscillations and decrease the duration of the motor attacks 

(Fureman et al., 2002; Campbell and Hess, 1999).  Together these findings suggest these 

low frequency oscillations are integral to the pathological processes that underlie the 

motor attacks in the tg mouse.  

A model by which the cerebellar cortical oscillations contribute to the episodic 

dystonia is that these intrinsically generated oscillations greatly alter PC output.  This 

abnormal output is likely transmitted downstream to the cerebellar nuclei (Campbell and 

Hess, 1998).  The synchronization of neuronal activity over a region of the cerebellar 

cortex is likely amplified at the level of the cerebellar nuclei due to the extensive 

convergence of PCs on nuclear neurons (Ito, 1984).  There is also a preliminary report of 

abnormalities in synaptic transmission between PCs and cerebellar nuclear neurons and 

in the firing properties of nuclear neurons in the tg mouse (Hoebeek et al., 2007).  The 

targets of this abnormal cerebellar output, including the red nucleus, motor thalamus and 

motor cortex, will be extensively modulated.  The motor attacks increase expression of 

the immediate early transcription factor c- fos in the cerebellar cortex, and in cerebellar 

output pathways, including the deep cerebellar nuclei, red nucleus and the ventrolateral 

thalamic nuclei (Campbell and Hess, 1998).  In turn, these motor structures, through 

descending pathways to the spinal cord and brainstem motor system, can influence the 

excitability of motoneurons and muscle activation. 

Finally, it is not known whether low frequency oscillations occur in the 

cerebellum of EA2 patients or contribute to their movement disorder.  However, there is 

increasing evidence for the involvement of the cerebellum in the generation of dystonic 

movements (Jinnah and Hess, 2006; Raike et al., 2005). Some dystonia patients have 

cerebellar structural abnormalities and hypermetabolic signals (Delmaire et al., 2007; 

LeDoux and Brady, 2003; Odergren et al., 1998; Preibisch et al., 2001).  In animal 

models, both the leaner mouse (a Cacna1a mutant) and the Cav2.1 null mutant exhibit 

dystonic movements (Green and Sidman, 1962; Fletcher et al., 2001).  In both of these 

models, Ca2+ currents in Purkinje cells are either reduced (leaner) or eliminated (null).  
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Dysfunctional cerebellar output is a major contributor to the generalized dystonia of the 

dystonic rat and lesions of the cerebellum mitigate the dystonia (LeDoux et al., 1995; 

LeDoux et al., 1995). Cerebellar abnormalities in this model include decreased 

GABAergic activity in the cerebellar nuclei and defective climbing fiber innervation of 

PCs (Beales et al., 1990; Stratton et al., 1988; Brown and Lorden, 1989; Lorden et al., 

1985).  The oscillations in the cerebellar cortex of the tg mouse provides another example 

of abnormal cerebellar activity in a dystonic syndrome.   
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CHAPTER VI: ADDITIONAL DISCUSSION AND NEXT STEPS 

 

Cerebellum and internal models 

Control of goal-directed motor behavior is a very complex computational 

problem, as discussed at length in Chapter 1. Forward internal model theories postulate 

that the nervous systems acquires input-output models of the motor apparatus capable of 

predicting the responses of effectors to motor commands, providing a theoretical 

framework for solving some of the challenges posed by control of motor behavior. The 

predictions postulated by the internal model theories can explain how it is possible to 

control fast error corrections independently of delayed sensory feedback. Another central 

tenet of forward internal model theories is the computation of sensory prediction errors 

determined by comparing sensory feedback with a prediction of the consequences of the 

motor command. Sensory prediction errors are required to drive adaptation of the internal 

model to changes in the physical properties of the effectors and/or the physical 

interactions between effectors and the environment (Shadmehr et al., 2010).  

The prevailing hypothesis has been that the cerebellum plays a central role in 

acquiring and maintaining internal models based on psychophysical and imaging studies 

(Shidara et al., 1993; Miall et al., 1993; Shadmehr and Holcomb, 1997; Wolpert et al., 

1998b; Kawato, 1999; Imamizu et al., 2000). Efforts to detect signals consistent with the 

presence of internal models in Purkinje cell activity resulted in more nuanced results. In 

Chapters 2 and 3, this thesis provides electrophysiological support that Purkinje cell 

simple spike discharge not only predicts effector kinematics but also performance errors. 

Moreover, parameters describing the goal-directed behavior are dually encoded by 

individual Purkinje cells using predictive and feedback representations. Together these 

findings support the hypothesis that the cerebellar cortex implements a forward internal 

model. Interestingly, the results of Chapters 2 and 3 show that the cerebellar cortex 

representations include features similar to those assumed by current forward internal 
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model theories to be implemented in other CNS regions. Parietal cortex is hypothesized 

to be involved in generating sensory prediction errors in a manner very similar to the dual 

encodings described in this thesis (Shadmehr and Krakauer, 2008). Also, while basal 

ganglia is currently hypothesized to implicitly have access to signals similar to the 

position error signals (Shadmehr and Krakauer, 2008), Chapter 2 shows explicit encoding 

of parameters relative to movement goal in simple spike activity. Further implications of 

these findings and unresolved issues are discussed next.  

 

Error signals in Purkinje cells 

 Prior to this study the efforts to identify error related signals in the cerebellar 

cortex concentrated mainly on the complex spike discharge (Oscarsson, 1980; Ito, 2000). 

As described in Chapter 1, those studies had only limited success. The complex spike 

firing modulation with motor errors is weak at best (Graf et al., 1988; Kitazawa et al., 

1998) and could not be found in a number of experiments (Ebner et al., 2002; Catz et al., 

2005; Dash et al., 2010; Soetedjo and Fuchs, 2006). Moreover, the very low frequency of 

the complex spike discharge severely limits the signal bandwidth available for error 

encoding, especially for a continuous task such as random tracking in which errors occur 

at high frequency. The very low firing frequency is also a very stringent limitation on the 

possibility that the complex spike discharge could encode predictive information 

expected by internal model theories, even in the context of brief ballistic movements, let 

alone a continuous task such as random tracking.      

 The random tracking paradigm used in Chapter 2 requires a goal-directed motor 

behavior in which continuous monitoring of movement accuracy is central to the task. 

The behavioral analysis performed shows that the target center is the focal point during 

tracking and defines a natural reference point for measuring task specific motor accuracy. 

Therefore, the error parameters defined in Chapter 2 are highly relevant and the results 

show that error parameters are robustly represented in the simple spike activity.  
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 However, given the importance of these error parameters to performing random 

tracking, the complex spike discharge relationship to these measures of performance 

needs to be determined.   For this, an analysis based on event triggered averaging appears 

appropriate due to the low frequency complex spike activity. The triggering events will 

be the complex spikes, determining a temporal window centered on the complex spike. 

The analysis would determine whether there is any evidence for a predictive component 

as well as a feedback component. Also, a decoding algorithm could assess if the complex 

spike activity in a population of Purkinje cells can accurately represent the errors. 

Comparing the complex spike analysis with the simple spike results in Chapter 2 would 

provide a strong test for which of these two types of Purkinje cell firing modes encode 

motor errors.  

 

Purkinje cell simple spike discharge encodes a large number of parameters 

An interesting observation is that a large majority of the Purkinje cells favor rich, 

complex representations of the motor behavior through a combination of kinematic and 

error signals. One of the most remarkable benefits of the of the random tracking task is 

that it allowed untangling of the representations of both error and kinematic parameters. 

The results in Chapters 2 and 3 show that the nine behavioral parameters investigated are 

encoded independently. Moreover, the predictive and feedback signals encoding the same 

behavioral parameter are also independent. Together, these observations show that the 

encoding of random tracking in the cerebellar cortex uses a minimum of eighteen 

different signals. On average, there are ten signals simultaneously encoded in a single 

Purkinje cell simple spike discharge. This is consistent with the large theoretical 

bandwidth of Purkinje cells. This bandwidth is determined by their very high number of 

synaptic inputs, around 200,000 parallel fiber-Purkinje cell synapses (Napper and 

Harvey, 1988), and the relative low level of synaptic activation, below 200 synapses, 

required to drive the simple spike discharge (Isope and Barbour, 2002).  It is reasonable 

to assume that each Purkinje cell could select a relatively complex combination of signals 
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from a potentially very high number of independent signals conveyed by parallel fibers 

using plasticity processes at the parallel fiber-Purkinje cell synapse (Ito et al., 1982; Salin 

et al., 1996; Lev-Ram et al., 2002; Qiu and Knopfel, 2008; Marquez-Ruiz and Cheron, 

2012; Wang et al., 2011; Ebner et al., 2012). 

It would be of interest to understand the addition of new signals to the existing 

representations. For example, in the existing random tracking paradigm, one could add a 

fixed circular area denoted by a different color from background. In the first step, this 

new area would have no relevance to the tracking task and thus, one would predict that 

Purkinje cells would not acquire signals related to the colored circle. In step two, a force 

field will be associated with the area that interferes with the tracking task. This 

interference would add "relevance" or "meaning" to the circular area in the context of the 

random tracking task. One would predict that new signals monitoring the distance from 

its center, similar to the error position signal, would be acquired in the simple spike 

discharge.   

  

Performance errors and implications for an internal model framework 

The results described in Chapter 2 demonstrate that the simple spike discharge 

encodes error related parameters that are integrated with kinematic signals at the single 

cell level. These results have some interesting theoretical implications, especially for the 

forward internal model framework. Although error processing is central to feedback-

based motor control, the concept of motor error is not sufficiently refined and the 

definition of error-related signals is sometimes inconsistent (Diedrichsen et al., 2005; 

Kluzik et al., 2008). Currently, the forward internal model hypothesis assumes the 

existence of two different computational loops (Shadmehr and Krakauer, 2008). One loop 

assesses the cost and reward associated with motor commands, which implicitly contains 

information regarding the movement goal and informs the motor command controller. 

This loop is assumed to be implemented in basal ganglia for the cost/reward analysis and 
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in the premotor and motor cortex for specifying the motor command (Shadmehr and 

Krakauer, 2008). The second computational loop assumes that the cerebellum 

implements a forward internal model and predicts the sensory consequences of the motor 

commands, which are then compared to the sensory feedback in the parietal cortex to 

compute sensory prediction errors. The sensory prediction errors are hypothesized to 

drive the updating of the internal model and also inform the motor cortex (Shadmehr and 

Krakauer, 2008). The computational process described above has some limitations. All 

inputs to the motor controller are mediated by the sensory prediction errors that include 

the sensory feedback and, therefore, the motor controller does not have direct access to 

the predictions provided by the forward internal model. Also, it is well known that the 

motor cortical areas, particularly the primary motor cortex, receives somatosensory and 

proprioception information from the periphery (Eccles et al., 1967; Evarts and Thach, 

1969; Rosen and Asanuma, 1972; Ito, 1984; Kelly and Strick, 2003).      

 

 

 

 

 

 

 

 

 

 
Figure 21. Schematic model for control of goal-directed movements. Temporal 
information is color coded: Red - past, Black - present, Gold - future, Blue - constant. 
Dotted lines denote hypothetical inputs to the internal model.   
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 The error signals described in Chapter 2 introduced a new class of state variables 

in the forward internal model framework, performance errors. The performance errors 

explicitly monitor the accuracy of the motor behavior in a continuous manner and the 

Purkinje cell simple spike discharge encoding these signals can predict the accuracy of 

the goal-directed movements with remarkable precision. The predictive error signals 

provide direct neural support for sensory- independent error processing reported 

previously. Figure 21 illustrates the addition of these performance error state variables to 

the forward internal model (Shadmehr and Krakauer, 2008). In this modified 

computational framework, issuing a new motor command (gold) is based on the known 

state of the effector determined by both kinematic and error variables that were updated 

by past motor commands (red loop) and predictions of the state variables based on 

current motor commands (black loop). The integration of error performance and 

kinematic signals in the cerebellar cortex suggests there are two forward internal models, 

an effector model valid across motor behaviors and a model encoding task specific 

constrains. 

 

Computational implications of the dual representations of the state variables          

Chapters 2 and 3 show that cerebellar cortex encodes state variables mapping 

goal-directed behavior in the same manner, regardless of their inclusion in the kinematic 

or error class of signals. Interestingly, the dual encoding of the state variables by 

cerebellar cortex is very similar to the sensory prediction error computation hypothesized 

to be implemented by parietal cortex. However, the signals that form this dual 

representation have different temporal references (Fig. 21). This temporal uncoupling 

between sensory feedback and predictive signals is a challenge to the forward model, 

because to determine the sensory prediction error it is assumed that the prediction and 

feedback that are compared have the same temporal reference. The location and the 

mechanism for the comparison of the predictive and feedback signals needs to be 
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elucidated. It is unclear, at this moment, whether better suited signals could be identified 

in other regions of the brain.  

The results presented in Chapters 2 and 3 show that motor behavior has a very 

complex representation in the cerebellar cortex. Each individual Purkinje cell encodes 

simultaneously and independently a large number of behavioral parameters. This 

suggests two possibilities regarding the acquisition and updating of internal models in the 

cerebellar cortex. One is that the cerebellum integrates independent signals related to 

motor behavior. Under this assumption, it would be possible to change the  representation 

of a single behavior parameter without affecting the other signals. Another possibility is 

that the cerebellum manipulates all the input signals simultaneously to generate a global 

representation of the motor behavior. This hypothesis suggests that changes to a specific 

behavior parameter would update the encoding for all parameters. Further experiments 

are necessary to understand whether the internal model is updated as a whole, updating 

all variable models in the same time, or is compartmentalized, each variable model being 

updated independently.   

Another interesting observation is that the time shifts associated with both 

feedback and predictive signals are distributed quasi-uniformly. This suggests that the 

time shifts are determined by computational processes and not by the hard-wired, 

underlying neural circuitry. Therefore, it is possible that the time shifts between 

cerebellar signals and behavior are an intrinsic part of the motor behavior representations. 

The time shifts would represent constant temporal relationships between different signals 

included in the motor behavior representation. This hypothesis is consistent with the 

observation that the granular layer of the cerebellar cortex could be tuned to introduce 

relatively long delays to the mossy fibers inputs (Nieus et al., 2006; D'Angelo and De 

Zeeuw, 2009).  

Another observation is that each Purkinje cell encodes a unique combination of 

signals, suggesting that individual cells encode different features of the behavior. Under 

this assumption, the Purkinje cell population is needed to represent the entire behavior. 
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Interestingly, at the population level there is complete information about the past and 

future trajectories of each state variable within the 500 ms time interval investigated. 

Also at population level, the positive and negative modulations for each signal are 

equally probable (Fig. 4 A-C, Fig. 11 A-E). This suggests that an accurate internal model 

of goal-directed motor behavior, including components of the effectors of forward 

internal models and also task specific components such as performance error signals, 

requires a state of equilibrium, defined by reduced firing variability across the population 

of Purkinje cells. An inaccurate model would be characterized by increased variability in 

Purkinje cell firing. Under this hypothesis, the nuclear neurons, which receive a highly 

convergent input from Purkinje cells, would read the increased variability and trigger a 

complex spike discharge to engage plasticity mechanisms in the cerebellar cortex, 

resulting in updated internal models. This hypothesis, suggesting that the complex spike 

response is mediated by the "global" state of the cerebellar cortex, could explain the 

inconsistent observations related to the modulation of complex spike activity with errors.    

    

Future research directions for testing the internal model framework 

 The results presented in Chapters 2 and 3 provide new insights into cerebellar 

representations related to goal-directed motor behavior. At the same time, the results raise 

challenges regarding the computations required for motor control. Therefore, additional 

experiments will be required to understand the role of the cerebellum in motor control 

and further evaluate the forward internal model framework. 

 One fundamental experiment for validating the forward internal model theory is 

recording the mossy fiber activity during random tracking task. The forward internal 

model hypothesis assumes that the input to the internal model is a combination of motor 

commands and previous states of the effector. It is well-established that cerebellum 

receives a variety of afferent signals via  mossy fibers that could provide informationon 

the previous state of the effectors (Bloedel and Courville, 1981). If the cerebellum 
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implements a forward internal model, a component of the the mossy fiber activity must 

convey signals encoding motor commands that are very similar to the forces and torques 

required to perform the task. An experimental design similar to that by Pasalar, et al. 

(Pasalar et al., 2006) could be used, manipulating the loads placed on the hand while 

keeping the kinematics constant. If the mossy fiber inputs do not signal motor commands, 

then it is possible that the cerebellar cortex has an associative function, learning to predict 

future states based on combinations of past states. 

 Another interesting research direction is testing how the predictive signals are 

used in motor control. Using the random tracking paradigm, the visual feedback 

necessary to evaluate tracking accuracy could be disrupted for short periods of time. 

Comparing tracking accuracy in the absence of the performance error feedback with 

tracking accuracy in the presence of visual feedback could be used to assess how 

effective the predictive error signals are for motor control. Single unit recordings of the 

Purkinje cells would provide information on the motor representations in the cerebellum. 

For example, during error feedback suppression, the feedback-related signals should be 

reduced, while the predictive components should be conserved. Moreover, this 

experiment could allow a number of interesting variants. If the visual feedback of the 

target is suppressed while the visual feedback of the cursor is maintained, the error 

signals should be affected but not the kinematic signals. If the visual feedback of the 

target is maintained while the visual feedback of the cursor is suppressed, the error 

parameters will have no sensory support, and the kinematic parameters will rely entirely 

on proprioception. Therefore, both error and kinematic signals would change. 

 Individual Purkinje cells encode very complex representations of goal-directed 

motor behavior by integrating a large number of kinematic and error signals, suggesting 

that individual Purkinje cells encode different features of the motor behavior. However, 

the complexity of the representations makes it very difficult to identify the specific 

features, requiring additional experiments to understand the encoded signals. For 

example, comparing the results from random (Hewitt et al., 2011; Popa et al., 2012) and 
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circular tracking (Roitman et al., 2005) would test whether the strength of representations 

is linked to the quality or the “confidence” in the information conveyed. Circular 

tracking, in which the animal knows the upcoming trajectory and speed, should result in 

stronger predictive signals, especially for the error variables that are more affected by the 

unpredictability of the target trajectory. Comparing the results from circular tracking with 

and without external force fields (Roitman et al., 2009; Pasalar et al., 2006) could further 

test how the cerebellum processes these predictive and feedback signals. The presence of 

force fields should degrade the predictive kinematic signals as the normal response to 

motor commands is altered. In contrast, the feedback signals should not be affected. 

Another interesting experiment would be to use spatial or temporal offsets between the 

visual feedback provided by the cursor and the proprioceptive feedback, thus 

manipulating the consistency of different sensory inputs. Both predictive and feedback 

kinematic signals could be degraded due to inconsistencies in the feedback inputs. In 

contrast, the error signals, based solely on visual feedback, should be minimally affected. 

This type of experiment could also provide insights regarding the temporal properties of 

the signals encoding the state variables, allowing the possibility to understand the 

mechanisms that determine the temporal lags.       

  

Generalization of internal model hypothesis to cognitive function 

More recently it has been hypothesized that the internal model framework used 

for control of goal-directed movements could be extended to cognitive processes such as 

intuition and creativity (Strick et al., 2009; Ito, 2008). In this context, an internal model 

would represent the “internalized knowledge” or internal belief. Analogous to a 

predictive signal provided by a forward internal model could be the perceived 

implications of the informational input. Analogous to the error signals could be neural 

representations of the perceived contradictions between the implications generated by the 

“internalized knowledge” relevant to the current mental process and the desired mental 

construct. The results in Chapters 2 and 3 show that forward internal models could 
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predict values for state variables different than the state variables that provide feedback 

information.  This suggests the possibility that a cerebellar  “internal knowledge” model 

could generate a signal associated with a mental concept that is different from the mental 

constructs inputs from the working memory, thus providing a mechanism for unexpected 

associations or intuitions. 

 A recent experiment showed that transcranial direct current stimulation (tDCS) of 

the cerebellum improves performance on two cognition tasks, one serial subtraction and 

verb generation (Pope and Miall, 2012). The subjects were required to subtract 

consecutive numbers heard at 2 to 3 s intervals in the first task and to associate verbs to 

nouns in the other task. tDCS improved response latency and latency variability in these 

two tasks but did not affect the performance of a less difficult task requiring addition of 

consequent numbers heard at 2 to 3 s intervals. These results are consistent with 

acquisition by the cerebellum of internal representations for the more difficult tasks. For 

example, the verb generation task would require internal representations for the nouns, 

including both conceptual features and associative related representation, possibly linked 

to the internal memory retrieval mechanisms. When these representations are established 

in the cerebellum, the verb generation process could be facilitated in a manner similar to 

generating state predictions. 

 

Pathological tuning of the cerebellar cortex 

Cerebellar function, as revealed by studying goal-directed motor behavior, 

involves Purkinje cell activity that has complex temporal properties and a high degree of 

spatial specificity. The normal cerebellar cortex is finely tuned to encode complexity and 

a large number of different features of the motor behavior. It is interesting that in 

pathologies in which the cerebellum is tuned differently, the transient states in which the 

cerebellar cortex loses the specificity of the Purkinje cells activity are associated with a 

paroxysmal phenotype. Chapter 5 describes the presence of low frequency oscillations 
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(LFOs) in the tg mouse cerebellum that are associated with episodic dystonia attacks. An 

important feature of the LFOs is the intrinsic stereotypical bursting that dominates the 

simple spike discharge and the synchronicity of Purkinje cell activity over relatively large 

areas. These two features undoubtedly disrupt the temporal properties and limit spatial 

specificity of Purkinje cell simple spike activity. As a result, the cerebellar output 

changes from a signal finely tuned to modulate motor commands, to a massive source of 

high level noise dominated by very low frequencies that could overwhelm the normal 

motor signals. The loss of spatial and temporal specificity of cerebellar output in the tg 

mouse could explain the dystonic muscle co-activation that replaces the serial activation 

of muscles observed in normal movements. The results presented in Chapter 5 strongly 

support the involvement of LFOs in the episodic dystonia of the tg mouse.  

 

Mechanism of LFOs in the cerebellar cortex 

The mechanism by which a region of low amplitude oscillations increases in 

amplitude, becomes synchronized and propagates to the neighboring cerebellar cortical 

regions is not known. We consider two possible mechanisms.  The first possibility is that 

this is a property of the cerebellum and its network of CNS connections (e.g. afferent 

input via mossy and climbing fibers and/or feedback loops involving the cerebellar 

cortex→cerebellar nuclei→red nucleus →inferior olive→cerebellar cortex or cerebellar 

cortex→cerebellar nuclei→motor thalamus→ cerebral cortex→pons→cerebellar cortex) 

(Ito, 1984; Schmahmann and Pandya, 1997).  Activation studies using c-fos demonstrate 

that most of this circuitry is highly engaged in the motor attacks in the tg mouse 

(Campbell and Hess, 1998). Both the climbing fiber and parallel fiber input to Purkinje 

cells depends heavily on ionotropic AMPA receptors (Konnerth et al., 1990; Perkel et al., 

1990). However, the observation in Chapter 5 that blocking AMPA receptors has no 

significant effect on the oscillations (Fig. 17 A-B) makes it highly unlikely that cerebellar 

afferent input or parallel fiber input to Purkinje cells is driving the LFOs. The second 

possibility is that the oscillations propagate via intracortical inhibitory circuitry, including 
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molecular layer inhibitory interneurons, Purkinje cell axon collaterals, or Golgi cells. In 

the tg mouse GABAergic transmission is increased (Matsushita et al., 2002; Zhou et al., 

2003). Molecular layer interneurons are sufficiently electrotonically coupled to generate 

synchronous firing (Mann-Metzer and Yarom, 1999). The finding that blocking AMPA 

receptors has little effect on ongoing foci of oscillations makes it unlikely that molecular 

layer inhibitory interneurons or Golgi cells are the primary elements in the circuit that 

maintain the synchronized, high amplitude oscillations, as these neurons receive their 

primary excitatory input from parallel fibers (Eccles et al., 1967; Palay and Chan-Palay, 

1974; Mugnaini, 1972). However, these preliminary findings do not rule out a role for 

these interneurons in the synchronization of the oscillations or their propagation to 

neighboring regions. This role could be tested by blocking GABAergic synaptic 

transmission with the appropriate antagonists.   

If Purkinje cells are the primary source of the oscillations, it is reasonable to 

hypothesize that Purkinje cell axon collateral networks play a major role in the 

synchronization and propagation (Eccles et al., 1966; Bloedel and Roberts, 1969).  

Therefore, a logical step is a series of experiments that determines the role of GABAergic 

mechanisms in the generation, maintenance, synchronization and propagation of the 

oscillations. The experiments would examine the effects on the LFOs by local cortical 

application of GABA antagonists,. 

 

Role of LFOs in disrupting cerebellar cortical function 

 Our hypothesis is that the LFOs represent an aberrant excitability state and disrupt 

normal cerebellar information processing. The alternative hypothesis is that increased 

variability in the simple spike discharge is the critical abnormality in Purkinje cells in tg 

mice underlying the episodic dystonia (Walter et al., 2006; Alvina and Khodakhah, 

2010b). As described in Chapter 5, the alternative view is based on Purkinje cell 

recordings between the motor attacks (Hoebeek et al., 2008; Walter et al., 2006; Alvina 
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and Khodakhah, 2010b). Also, most previous studies have focused on spontaneous 

activity (Hoebeek et al., 2008; Alvina and Khodakhah, 2010a; Alvina and Khodakhah, 

2010b; Walter et al., 2006). A revealing set of experiments would be to examine Purkinje 

cell activity in response to their inputs during baseline conditions and during the episodic 

dystonia. The responsiveness of Purkinje cells to three inputs could be tested: 1) 

ipsilateral vibrissal input that modulates Purkinje cell activity via the mossy fiber-granule 

cell- Purkinje cell circuitry, 2) parallel fiber and 3) the contralateral inferior olivary 

nucleus that provides climbing fiber activation of Purkinje cells. For each input, the 

experiments would examine how PCs respond when there are strong oscillations 

compared to weak or no oscillations. The experiments would also test if the discharge 

statistics, for example discharge variability, alter the responses to the three inputs, 

determining whether the LFOs or firing variability is more disruptive of cerebellar 

information processing.  

 

Downstream effects of the LFOs 

 Most researchers have emphasized the cerebellum as the central element in the 

motor attacks. However, structures outside the cerebellum may be implicated in the 

episodic dystonia. P/Q-type Ca2+ channels are found in presynaptic terminals, soma, and 

dendrites of neurons (Mintz et al., 1992; Fletcher et al., 1996; Westenbroek et al., 1995). 

Also, newer mouse models suggest that the Cacna1a mutation outside of Purkinje cells 

has an essential role in the episodic phenotype.  Recently it was shown that Purkinje cell-

specific P/Q-type Ca2+ channel knockout mice do not exhibit the tottering episodic 

dystonia (Todorov et al., 2012; Hashimoto et al., 2011; Miyazaki et al., 2012). One P/Q-

type Ca2+ channel KO mouse line designed to be PC-specific does exhibit an episodic 

dystonia. However, these so-called purky mice have absence seizures and decreased P/Q 

type Ca2+ channel function outside the cerebellum, including in the thalamus and 

forebrain (Mark et al., 2011). Therefore, truly selective removal of P/Q-type Ca2+ channel 

function from Purkinje cells does not result in episodic dystonia.  Furthermore, tg mice 
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have a single copy of the tottering allele throughout the CNS with the potential to alter 

P/Q-type Ca2+ channel function outside the cerebellum (Raike et al., 2013). Finally, the 

most marked episodic dystonia occurs in tg mice in which all cells have a single copy of 

the tottering allele without the normal Cacna1a allele (Raike et al., 2013).  These 

findings suggests that abnormal cerebellar activity in combination with changes in P/Q-

type Ca2+ channels function in other motor regions in the CNS could be involved in the 

episodic dystonia.   

 A needed step is to investigate the downstream transmission of the LFOs on the 

cerebellar nuclear neurons. Cerebellar nuclear neurons would be recorded prior to and 

during a motor attack to investigate how these neurons integrate abnormal Purkinje cell 

activation. Also, it would be of interest to block Purkinje cell synaptic transmission to the 

cerebellar nuclei and determine the effects on episodic dystonia. 

 Another interesting direction would be to study the effects of LFOs on the 

cerebral cortex. The cerebellum, through the cerebello-thalamo-cortical pathway provides 

extensive inputs to the cerebral cortex (Ito, 1984; Middleton and Strick, 2000; Kelly and 

Strick, 2003). The LFOs provide high amplitude, synchronous activation of large areas of 

the cerebellar cortex that could drive the cerebello-thalamo-cortical pathway and thus 

possibly dominating cerebral cortical activity. As a result, the cerebral cortex may exhibit 

LFOs. Of special interest would be the effects on motor cortical areas that could provide 

the pathway driving the descending muscle activity.   
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