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Abstract
Deep brain stimulation (DBS) has had a remarkable success in treating a range of neurological

and psychiatric conditions. However, efficacy remains suboptimal and patients can often de-

velop side effects. The underlying causes of both the beneficial and detrimental effects of DBS

remain incompletely understood which is delaying improvements to current DBS therapies

and limiting developments of future treatments. Advancing this mechanistic understanding

will require the design of appropriate models that can formalize the interaction between

DBS and the cortico-basal-ganglia network.

Recent advances in biophysical modeling have provided important insights into the impact

of stimulation at local (neuronal membranes, electrical fields), intermediate (neural networks),

and higher (phase, synchronization) levels of description. These have made important contri-

butions to explaining neurophysiological changes during DBS (e.g., spikes, local field poten-

tials), but such models generally do not seek to make accurate predictions about the resultant

consequences on behavior.

We argue that further advance will rest on models that focus on the specific computations

that are performed in cortico-basal-ganglia networks, and address how DBS alters these com-

putations and how this in turn modifies behavior. For the emergent field of computational

modeling as applied to Parkinson’s disease, we propose that models at mesoscopic levels

of description are likely to be most valuable, with a particular focus on the role of oscillations

and their relationship to behavior. It is therefore hoped that computational neurostimulation

will usher in a new era of rapid, rationally derived DBS advancements for neurological and

psychiatric disorders.
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1 INTRODUCTION
It still appears somewhat remarkable that the application of focal electrical stimula-

tion pulses to selected targets within the brain can lead to such a rapid and profound

reversal of symptoms in conditions such as Parkinson’s disease (PD) and essential

tremor (ET). Deep brain stimulation (DBS) has now been implemented across a

range of neurological and psychiatric diseases with ongoing trials in an ever-

expanding list of conditions. The promise is therefore great that this emerging form

of therapy may have the potential to treat numerous disorders through the focal ma-

nipulation of aberrant networks. The attraction of stimulation treatments is that they

are rapidly controllable and highly focal, which therefore promises greater efficacy,

diminished side effects, and more personalized therapies. However, it is striking that

we still have such an incomplete mechanistic understanding of how current DBS

therapies work and therefore how to rationally advance the field (Montgomery

and Gale, 2008). Indeed, the history of electrical stimulation of the brain demon-

strates that the majority of findings thus far, from electric fish to DBS, have been

largely serendipitous and have often relied on a trial-and-error approach (Sironi,

2011). There are, therefore, a number of challenging obstacles to realizing the po-

tential of DBS—most notably the questions of where, when, and how to stimulate

to optimize benefit.

In this chapter, we will argue that further advances in the field will require a com-

bination of empirical and theoretical neuroscience together with computational

modeling in order to derive principled approaches to stimulation treatment, develop-

ment, and parameter selection. We further will assert that rather than just reductive

mathematical or biophysical models, the field requires models that make reference to

the neural computations that stimulation procedures affect, and their resultant behav-

ioral consequences (Bestmann et al., 2015).

Computational models, as we envisage them, focus on the real-world perceptual

and behavioral challenges faced by individuals, the algorithms and transformations

to information flow required to solve these challenges, and the neural structures

through which such computations are implemented (Dayan and Williams, 2006).

Computational neurostimulation, therefore, is the further expansion of this approach

to include stimulation inputs into these models that can then make specific predic-

tions about resultant behavior (Bestmann et al., 2015; Bonaiuto and Bestmann,

2015). Extending this approach to the clinical domain will require the reformulation

of current, descriptively defined clinical syndromes into computational terms, an un-

derstanding of how these aberrant computations are represented in the brain, and then

a principled approach to their modulation using stimulation. We discuss the use and

challenges of computational neurostimulation within the context of PD, a condition

for which we have long experience of DBS therapy and a respectable knowledge of

the underlying pathophysiology. However, the key conclusions drawn in our chapter

apply equally to other forms of invasive and noninvasive brain stimulation and other

neurological and psychiatric disorders.

Since the initial report of DBS of the nucleus ventralis intermedius (Benabid

et al., 1987), targets for PD have expanded to include the subthalamic nucleus
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(STN) and the globus pallidus interna (GPi). Subsequently, DBS for PD has become

an established therapy for advanced disease (Okun, 2013). It is important to

recall, however, that motor improvements under DBS, as assessed by the Unified

Parkinson’s Disease Rating Scale (UPDRS), are only about 50% on average, with

quality-of-life scores modestly increasing by approximately 25% (Williams et al.,

2010). Yet even these gains are commonly offset by the development of side effects

including speech/balance deterioration and neuropsychiatric complications such as

impulsivity and higher rates of suicide (Kleiner-Fisman et al., 2006; Smeding et al.,

2006; Voon et al., 2008). Additionally, DBS is restricted to a limited cohort of very

advanced patients.

The paucity of models that can accurately predict the outcomes of stimulation,

both in terms of its clinical benefits and side effects, constrains the development

of more efficacious and tolerable stimulation procedures. This issue is illustrated

by the evolution of standard stimulation protocols. Conventional stimulation delivers

regular biphasic pulses with constant voltage (2–3.5 V), frequency (130 Hz), and

pulse width (60–200 ms), with adjustments made only intermittently by patients’

physicians. Both the targets for electrode implantation and the parameters of

stimulation have largely been discovered empirically over time and even with the

currently restricted parameter space of voltage, frequency, pulse width, and stimu-

lation contacts; stimulator programming in individual subjects remains largely

intuitive, can be challenging, and is often time consuming.

The potential research space for future developments in this technology is also

enormously large, taking in a multitude of different possible brain sites for electrode

implantation (cortical and subcortical) combined with a large scope for temporal

shaping of stimulation waveforms and patterning of delivery. Given this vast and

expanding multidimensional terrain, purely empirical research methodologies alone

no longer appear tractable as a method for advancing the field. Here, we propose that

computational modeling could potentially constrain these possibilities and thereby

guide principled, rationally informed, empirical research.

1.1 BIOPHYSICAL AND COMPUTATIONAL MODELS OF DBS
Modeling is an integral part of many fields of neuroscience, and the creation and re-

finement of quantitative models are critical to advancing our understanding of brain

function in health and disease (Dayan and Abbott, 2005; Montague et al., 2012). We

begin by outlining some concepts useful to the debate that follows, many of which

are now established in other fields of neuroscience but have permeated much less

deeply into DBS research.

First, a broad (and overly simplistic) distinction can be made between mathemat-

ical (also biophysical or reductionist) and computational models (Dayan, 2006;

Dayan and Williams, 2006). Mathematical models are reductive in that they seek

to explain neural activity as biophysical phenomena. Under this scheme, the brain

is treated as a physical system like many others (e.g., electric circuits, weather sys-

tems) and therefore this approach often harnesses techniques borrowed from the

other physical sciences (e.g., dynamical systems theory). Such models can be
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hierarchical, in that “lower” levels, which are more detailed, produce phenomena

that can be taken forward to higher, more abstract levels, but the descriptions remain

rooted within the realm of the biophysical aspects of the system. The classical ex-

ample of such a hierarchical biophysical model in neuroscience is that of the action

potential firing model of Hodgkin and Huxley (1952). Here, at the lowest level, a

detailed ion channel model first expresses how voltage changes lead to ion channel

conductance alterations. Outputs from the ion channel model are then taken forward

and combined to specify the dynamics and action potential firing of a whole neuron

comprised of a combination of different voltage-sensitive ion channels. Indeed, this

can then be taken to a further higher level by connecting many such model neurons

together to specify how a network would behave. These biophysical models are

therefore usually fitted and optimized using biophysical data and seek to answer

the question “what is it that causes the observed recorded data,” such as spiking

in basal ganglia circuits.

Such approaches contrast with computational models. The definition of

“computational” which we utilize here is that such models attempt to explain what

kind of information is processed in a system, in order to produce a goal or behavior.

In other words, computational models should impute a specific behavior or process,

and prescribe an answer to the question of how this behavior or process might actu-

ally be produced, i.e., how does the neural system under investigation process and

transform information in service of producing that behavior (Dayan, 2006; Dayan

and Williams, 2006)?

In the context of DBS, such an approach should therefore seek to explain (a) how

disease alters the standard computations, and thus behavior, in the affected circuitry

and (b) how interaction with this system through neurostimulation reshapes these

aberrant computations for therapeutic benefit. Put simply, and in contradistinction

to purely biophysical models, such computational models would ask “what is it that

the observed recorded data represent”? Examples would be to ask how the abnormal

firing patterns in the basal ganglia alter the computations normally needed for move-

ment in PD. Another question asks how DBS alters information transformation in

neural circuits that on the one hand leads to improvement of motor systems but at

the same time incurs significant costs in terms of side effects.

Computational models, like purely biophysical models, can be implemented at

different levels of description with outputs from lower levels again feeding forward

to higher, more abstract, computational levels (Marr, 1982). Critically for neurosti-

mulation, models require explicit formulations about the mechanisms that cause the

data at an appropriate scale (e.g., neuronal spiking, local field potential oscillations)

and are thus heavily reliant on biophysical models and the knowledge on which these

are built. However, computational models also provide an account for how these

mechanisms translate into information processing and behavior. The advantage of

this is clear, as it goes beyond merely treating observed neurophysiological data

as a biomarker for a specific process. Instead, one assumes that neurophysiological

data are mechanistic and that the information contained therein comprises computa-

tions which can be unveiled by appropriate techniques.
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Some have argued that the brain cannot “encode” anything, as this assumes a

third-party perspective (like a computer programmer) that the brain does not require

having developed through evolution (Bennett and Hacker, 2003). However, even if

neural activity cannot be precisely mapped onto a formalized computational algo-

rithm consistent with strict symbolic logic, it will have at least a statistical relation-

ship with internal parameters of the brain’s generative model of the world, which

would then still be targetable through directed stimulation techniques. In effect, com-

putational neurostimulation is unconcerned as to the question of whether neural

activity will ultimately be completely described within a formal mathematical code

or a looser statistical one, as long as it is understood how this neural activity closely

relates to behavior and how to modulate it with stimulation.

It is important to note that the specific question at hand should dictate what type

of models to select, and helps one to explicitly state their structure and simplifying

assumptions. For example, it seems unlikely that the cognitive deficits induced by

DBS could be sufficiently explained by a purely biophysical model of spiking in

an isolated network model of the STN. But it seems equally insufficient to under-

stand the spiking behavior in cortico-basal-ganglia-thalamic circuits subjected to

DBS by constructing a high-level, abstract computational account of resultant behav-

ioral change; this would be better informed by a low-level biophysical model. This

illustrates the mutual relationship between mathematical and computational models.

Indeed, the eventual objective would be to build mathematical and computational

models which are mutually consistent whereby biophysically accurate reductionist

models can implement the computations and algorithms that are dictated from the

computational perspective (Marr, 1982).

Significant progress has been made with biophysical (or reductionist) models of

DBS, but less focus has been given to their computational implementation. Consid-

ered from a computational vantage point, DBS must certainly be affecting informa-

tion processing within the targeted circuit and specifically the neural algorithms

utilized to produce behavior. In diseases such as PD, these algorithms are presumably

abnormal or at least suboptimally tuned. What these aberrant algorithms might be,

and how they potentially normalize under DBS, should become an important focus

for future exploration. Generating rationally informed hypotheses related to stimu-

lation and submitting these hypotheses to vigorous experimentation in order to fur-

ther refine the models should build the foundations for the development of new

principled, clinically efficacious, stimulation protocols.

2 BIOPHYSICAL MODELING
2.1 MODELING THE EFFECTS OF DBS ON LOCAL NEURAL ELEMENTS
A useful starting point for understanding the action of DBS on a complex intercon-

nected system such as the basal ganglia would be to begin by investigating the effect

of stimulation on local neurons within the vicinity of the stimulating electrode. Here,
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modeling serves to provide insight on local mechanisms of action of DBS in terms of

electrical field shapes and activation of nerve fibers. Conventional DBS uses rectan-

gular biphasic waveforms of variable duration and analytical work has already dem-

onstrated that shorter pulse durations increase spatial selectivity (Grill andMortimer,

1996). Subsequent nerve membrane modeling studies have then investigated how the

pulses themselves can be shaped to minimize the amount of electrical energy re-

quired to incite an action potential and have proposed a number of interesting novel

shapes for empirical testing including exponential rising slopes (Jezernik and

Morari, 2005), Gaussian and sinusoidal-shaped waveforms (Sahin and Tie, 2007;

Wongsarnpigoon and Grill, 2010), triangular waveforms (Foutz and McIntyre,

2010), and subthreshold prepulse stimulation (Grill and Mortimer, 1995;

Hofmann et al., 2009).

In addition to the stimulation of desirable neuronal elements, the generated fields

will also extend to include neighboring areas, the stimulation of which has the po-

tential to cause side effects. Here, three-dimensional models of field strength can be

informative in predicting local spread of stimulation and also directing new technol-

ogies that have improved spatial specificity. The use of advanced finite element

models (FEMs) combined with multicompartment cable models allows for predict-

ing on an individual subject basis the likely field shape and strength caused by stim-

ulation and the resultant changes in neuronal firing within the local region (Butson

et al., 2007). Electrical field modeling has been in part motivated by the development

of new multicontact electrodes with the capability to directly and tangentially steer

electric fields to avoid side effects and counter variability in electrode placement

(Butson and McIntyre, 2008; Pollo et al., 2014; Timmermann et al., 2015). It is

now envisaged that modeling support will be essential in the realization of these

new multicontact steering technologies, optimized against minimizing current

spread outside of the motor STN.

2.2 MODELING THE EFFECTS OF DBS ON THE BASAL GANGLIA
NETWORK
A mechanistic understanding of how DBS affects neuronal firing and dynamics

across the broader basal ganglia requires consideration of models that incorporate

a wider network view. The classic descriptive model of the basal ganglia was that

proposed by Albin and Delong in 1989 (Albin et al., 1989). These authors modeled

the basal ganglia circuit in reduced form as a combination of excitatory and inhib-

itory connections that lead to competition between two opposing pathways—the

direct (activating) and indirect (inhibitory) pathways. The model was initially believed

to explain the mechanism of DBS in PD as a virtual lesion within a pure rate coding

framework. We discuss how more recent results have added complexity to this idea,

which in turn has mandated the development of explicit quantitative models that can

more precisely account for how DBS interacts with underlying neural circuitry.

First, it has been shown that far from silencing STN efferent fibers, DBS actually

increases downstream firing which would be inconsistent with the Albin and Delong
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model (Hashimoto et al., 2003). Indeed, it appears from both experimental and

modeling work that DBS may have a differential effect on the soma and axon of in-

dividual neurons, resulting in silencing of the soma but regular entrained firing of

axons. This has been termed an “informational lesion” reflecting the increased rate

of efferent STN firing but reduced influence of the dendritic inputs on that firing

(Hashimoto et al., 2003; McIntyre et al., 2004; Miocinovic et al., 2006). The

input–output dissociation resultant from somatic inhibition and axonal activation

is likely more nuanced than initially conceived. Recent work has highlighted, for ex-

ample, how depolarization blockmediated through increased extracellular potassium

levels may lead to complex temporal dynamics with periods of depolarization inter-

calated with phases of reduced action potential generation (Florence et al., 2015).

Evidence that is compatible with the idea of an “information lesion” effect of

DBS comes from stimulating at the cortex and measuring evoked responses in the

STN and GPi in the presence and absence of DBS at those same sites. During

DBS, exogenous cortical evoked responses are absent consistent with a block to in-

formation flow (Fig. 1).

In a sense, because information is conveyed through neural firing, conceptualiz-

ing the reduction or silencing of neural firing through DBS as an informational lesion

seems valid. It does not disclose, however, what it is that the information passing

through the nucleus normally conveys, nor why interference would possibly lead

to clinical improvement. Without explicit formulation of what the information repre-

sented in the neural codes altered by DBS actually encodes (see below; Section 3),

such ideas essentially remain useful heuristics in which to cast further experimenta-

tion, but only partly reveal the mechanism of DBS.

Rubin and Terman (RT) were the first to attempt to introduce a biophysically

plausible quantitative model of the basal ganglia under the influence of DBS, based

on prior knowledge about generic networks of excitatory and inhibitory connections

(Terman et al., 2002). The RTmodel took the form of single-compartment Hodgkin–
Huxley equations modeling eight neurons from both the STN and globus pallidus

externa (GPe) with both excitatory and inhibitory neurons. The model focused on

the reciprocal connectivity of the STN and GPe as this had been proposed to poten-

tially be the source of bursting activity within the basal ganglia (Plenz and Kital,

1999). Within this model, the striatal inhibition of the GPe was the parameter that

was thought to be controlled by dopamine (DA) levels, thereby allowing the model-

ing of the Parkinsonian state. An extension of the model which included the GPi and

thalamic relay cells to the cortex demonstrated that the fidelity of these relay neurons

was impaired as a result of the bursting oscillatory input to the thalamus (Rubin and

Terman, 2004). Furthermore, high-frequency DBS input to the STN, although in-

creasing afferent firing to the thalamus, was able to restore the relay functionality

of the thalamic neurons.

An important theoretical expansion to this work came from further studies that

demonstrated the importance of the hyperdirect pathway to the efficacy of STN

DBS, specifically through antidromic axonal firing, traveling backward up to the cor-

tex (Gradinaru et al., 2009; Nambu et al., 2002). These findings demonstrate that the
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effect of DBS is not limited to the local site of stimulation but appears to spread

within the network both ortho- and antidromically to affect information processing

at distant sites. Current models of DBS, however, rarely take this full range of

distributed activity into account.

A further challenge for modeling studies is to accurately replicate the temporal

shaping of neuronal firing. Whereas the Albin and Delong model utilized a strict rate

coding scheme, physiological recordings demonstrate prominent oscillatory activity

throughout the basal ganglia circuitry which is amplified in patients with PD in the

FIGURE 1

The informational lesion hypothesis. (A and B) Effects of local GPi-DBS on cortically evoked

responses of a GPi neuron in a normal monkey. Peristimulus time histograms in response

to a single-pulse stimulation of the primary motor cortex (Cx) (arrowhead with dotted line)

without (A) and with GPi-DBS (arrows) (B) are shown. In (B), cortical stimulation was applied

50 ms after the initiation of GPi-DBS. The cortically evoked responses were entirely

inhibited during GPi-DBS. (C) Schematic diagram showing the cortico-basal-ganglia

pathways and stimulating (Stim and DBS) and recording (Rec) sites. Cortically evoked early

excitation, inhibition, and late excitation in (A) are mediated by the hyperdirect, direct, and

indirect pathways, respectively. Cx, cerebral cortex; GPe, external segment of the globus

pallidus; STN, subthalamic nucleus. Red (light gray in the print version) and blue (dark gray in

the print version) triangles represent glutamatergic excitatory and GABAergic inhibitory

terminals, respectively.

Reproduced with permission from Chiken and Nambu (2015).
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absence of DA (Hammond et al., 2007). It is now believed that these oscillations and

their suppression by levodopa and DBS may be critical to the pathophysiology of PD

and its treatment by stimulation technologies (Eusebio et al., 2011; Kühn et al.,

2006).

Acknowledging these challenges, the RT basal ganglia model has since been fur-

ther expanded to include a greatly increased number of neurons (500), cortical os-

cillatory inputs in the beta range (13–30 Hz), and a more realistic physiological

pattern of axonal activation (Hahn and McIntyre, 2010). The Hahn and McIntyre

model has, for example (Fig. 2), been used to test how stimulation frequencies could

be individualized in order to suppress pathological oscillations (Holt and

Netoff, 2014).

One appeal of using such models is that they provide a formalism in which to

interrogate the network effects of DBS, and extensions of the examples above have

since been used to explore the impact of stimulation at different sites within the basal

ganglia with different stimulation parameters (Feng et al., 2007; Pirini et al., 2009).

Recently, a direct implementation of the RT model for controlling DBS in real time

has been proposed (Schiff, 2010). In such an approach—the RTmodel would be syn-

chronized to a patient’s basal ganglia in real time by feeding data from the patient’s

recording electrode straight back into the model as an input. When the model detects

that it has strayed from the physiologically desirable range, a control algorithm

would select a stimulation input that would redirect the model basal ganglia in order

to optimize some function, such as thalamic relay fidelity. These selected stimulation

parameters would then be delivered back to the patient with the expectation that it

too would shift the patient’s physiology back into the desired range. It remains to be

tested whether model-based control can be implemented in real time and whether

it improves outcomes, although application of algorithms such as “unscented”

Kallman filters suggest that this may be possible (Voss et al., 2004).

It is worth noting, however, that the key criterion for effectiveness in these

models, and indeed that which they are optimized against, is restored thalamic relay

fidelity; a biophysical parameter or correlate, that in itself does not disclose the

mechanism through which thalamic relay fidelity, restores behavior. Therefore,

the efficacy of the RT modeling approach (and secondary model-based control strat-

egies) is in part dependent on the fidelity of that biomarker. Focus on this parameter

alone may limit the precision of the predictions that can be made regarding expected

behavior as well as the level of refinement achievable in terms of model-based

control.

The examples above attempt to faithfully reproduce the dynamics of neuronal

activity in reduced, simplified networks. This has the advantage of maintaining a

strong fidelity to the form and connectivity of the network under study and allows

inferences to be made about the network effects that result from changes at the neu-

ronal level such as individual ion channel properties or synaptic strengths. Con-

versely though, this level of detail requires relatively large numbers of parameters

that need to be fitted, usually with experimental data as well as a high sensitivity

to subtle changes in the a priori modeling assumptions such as choice of inputs,
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FIGURE 2

Biophysical model of the basal ganglia demonstrating neuronal bursting. (A) Connectivity

diagram of the Hodgkin–Huxley neurons of the network. (B) The output of the computational

model as spike times. A rastergram of GPe neurons over a small window of time is shown,

where the y-axis is neuron number and the x-axis is time (seconds). Note the presence

of neurons exhibiting a bursting (blue (dark gray in the print version)) and nonbursting

(red (light gray in the print version)) phase classified by the spiking rate.

Reproduced with permission from Holt and Netoff (2014).
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within network connectivity, and the nodes represented in the network. Although

models are being built with ever greater complexity to attempt to more authentically

reproduce the accurate network dynamics of the basal ganglia, this potentially com-

pounds the problem of fitting an ever expanding parameter set as well as increasing

the computational cost. An alternative approach, therefore, is to not try to perfectly

reproduce every aspect of the underlying system from precise ion channels properties

up to internuclear connectivity, but to approach from a higher level of description,

extracting the principle physiological dynamics of the system or subunits of the sys-

tem and to model them in mathematical form. Could this then robustly reproduce

population-level neuronal activity but with a reduction in complexity that allows

improved generalizability?

2.3 MODELING THE EFFECTS OF DBS ON PHASE AND CONNECTIVITY
One example of how this might work is to consider a neuron simply in terms of its

tendency to spike regularly at its own individualized frequency. Regular firing can be

modeled using simple equations pioneered by Kuramoto in the 1970s that reduce the

full complexity of the neuronal dynamics to a single variable, namely its phase

(Kuramoto, 1975). Phase synchronization across neuronal populations appears to

be a critical feature of the pathophysiology of somemovement disorders, particularly

PD, and thus may well be an appropriate systems-level abstraction on which to focus

(Hammond et al., 2007).

Phase-specific models have been used to reproduce the abnormal synchrony

found in PD employing sets of coupled, simplified, oscillators (Tass, 1999). This ap-

proach facilitates the modeling and testing of different potential stimulation regimes

with the specific goal of phase desynchronization across neuronal populations. Such

modeling has shown that idealized coupled mathematical oscillators in a model be-

have differently to single- and double-pulse stimulation regimes (Tass, 2001). Spe-

cifically, it was found that the effect of single-pulse stimulation was dependent on the

state of the system when the pulse was delivered, whereas double-pulse stimulation

could result in desynchronization independent of the exact state of the system at the

time of pulse delivery.

A more advanced version of the dual-pulse stimulation regime known as “soft

phase-resetting” was later proposed along with a range of other potential prepulse

inputs including pulse trains and sinusoidal periodic stimuli (Tass, 2002). An impor-

tant extension to this work has been to incorporate synaptic learning (plasticity) into

these models which has led to the development of stimulation regimes that specif-

ically aim to not just desynchronize but to also unwire connectivity through harnes-

sing plasticity (Tass and Majtanik, 2006). This was achieved by modulating the

synaptic strengths in the models according to Hebbian principles as opposed to im-

posing the fixed synaptic weights that have been employed in most previous models.

Themodel was then used to test a novel stimulation technique that explicitly attempts

to reduce connection strengths within the pathologically synchronized network

termed multisite coordinated reset (MSCR). The theoretical underpinning of this
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approach is the idea that by stimulating at different sites sequentially—separate net-

works are activated repeatedly but never concurrently. MSCR, therefore, weakens

the connections between these networks through long-term depression. If these con-

nections are, in part, responsible for the pathological synchronization found in PD—

this method of induced plasticity should lead to a reduction in synchronization, but

crucially this reduction should be sustained for a prolonged period of time even after

stimulation has been discontinued.

Model-based testing of MSCR showed that it was able to robustly desynchronize

the system and lead to reductions in connection strengths that themselves reduced the

propensity to oscillate—named “antikindling” (Tass and Majtanik, 2006). Subse-

quent application of this stimulation regime in a nonhuman primate model of PD

has provided encouraging results (Tass et al., 2012). Despite a very short period

of multisite stimulation over just 5 days, the antikindling paradigm resulted in sus-

tained benefits in movement parameters such as akinesia up to a month later, even in

the absence of ongoing stimulation. Replication of these results in humans would

mark a significant advance in neurostimulation for PD.

2.3.1 Modeling closed-loop phase desynchronization
The current stimulation paradigms for DBS are all “open loop” in that the stimulation

regimes proposed do not need to “know” the instantaneous state of the network in

real time in order to be delivered. However, specific desynchronization paradigms

have also been proposed that use closed-loop techniques that adjust stimulation in-

puts “on the fly” according to the instantaneous state of the network. Indeed, bio-

physical modeling studies have already suggested how a closed-loop or adaptive

DBS (aDBS) approach could be used to specifically desynchronize the basal ganglia

(Rosenblum and Pikovsky, 2004a,b). Here, a mean-field model of coupled oscilla-

tors was used to test the effect of reintroducing the instantaneous mean population

activity back into the network after a delay and demonstrated efficient network

desynchronization. Subsequent work has been performed looking at more complex

feedback using nonlinear transformations to the recorded activity before passing this

back into the network, again after a delay, which has also demonstrated robust desyn-

chronization (Smirnov et al., 2008). The stimulation methods from these modeling

studies have yet to be tested empirically, but they provide explicit formulations on

how aDBS may be designed to specifically target pathological synchronization.

First proof-of-principle evidence in both nonhuman primates and in patients with

PD lends promising support to a closed-loop approach (Little et al., 2013; Rosin

et al., 2011). These first examples of closed loop or aDBS have employed relatively

simple biomarkers of the network state. In the nonhuman primate example, a single

neuronal spiking triggers from M1-controlled delivery of a short train of stimulation

pulses (Rosin et al., 2011), whereas in the first demonstration of aDBS in humans,

conventional high-frequency stimulation was delivered in response to bursts of

high-beta amplitude within the STN (Little et al., 2013).

Importantly, these techniques were able to outperform conventional DBS despite

using less overall stimulation and both resulted in beta desynchronization. Studies
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aiming to interact directly with the phase of tremor and beta oscillations in humans

are less advanced but also show promise (Brittain et al., 2013; Cagnan et al., 2013,

2015). Adjusting DBS online in response to specific biomarkers may thus provide

significant gains over conventional DBS approaches but also opens up a vast multi-

dimensional parameter space of potential input signals and stimulation protocols that

could be utilized in a closed-loop manner. Empirically searching this parameter

space seems intractable, and complementing these novel developments through

modeling approaches will be critical for directing and raising the efficiency of this

search for new therapeutic stimulation paradigms, and, not least, to answer the ques-

tion “why” such stimulation protocols may be more efficient.

2.3.2 Dynamic causal models of DBS
Pathological synchronization in a network implies that activity in one area can be

partially predicted by that from another area as there is a statistical relationship be-

tween the two signals—termed “functional connectivity.” A more specific approach

that can also make inferences on the direction of informational transfer through such

connections is termed “effective connectivity,” and this can be disclosed by a tech-

nique known as dynamic causal modeling (DCM) (Moran, 2015; Stephan et al.,

2015). Here, effective connectivity assesses changes in the synaptic connections

and information transfer between regions of a network, as opposed to merely char-

acterizing the statistical interdependence or anatomical connections between areas.

DCMs thus incorporate models of the dynamic interactions between populations of

neurons, across different regions, and their response to experimentally or disease-

induced changes. The generative models provided by DCM express neuronal popu-

lation activity through sets of differential equations, and seek to explain observed

data (e.g., from human fMRI experiments, or neurophysiological recordings such

as EEG) via a biophysically informed forward model (Friston et al., 2003). The pur-

pose of DCM is to compare competing mechanistic explanations, formulated in

terms of synaptic connectivity and plasticity, for a given measurement.

For example, recent work has started to exploit the use of DCMs for interrogating

network changes in PD, optimized using invasive neurophysiological data (Friston,

2009; Kiebel et al., 2008; Marreiros et al., 2013). A key finding from this work was

that increased connectivity to the STN, particularly via the GPe and from the cortex

(via hyperdirect pathway), predicted the emergence of pathological beta oscillations

in PD in the relative absence of DA (Marreiros et al., 2013). The DCM approach can

also be extended to incorporate the impact of DBS on the dynamics of the network,

and the propagation of stimulation-induced signal changes to different regions. DCM

for resting-state fMRI has demonstrated that the effects of STN DBS are widely

distributed around the cortico-basal-ganglia network leading to decreased effective

connectivity to and from the STN but strengthened connectivity elsewhere, an effect

which correlated with clinical outcome (Kahan et al., 2014). A separate study also

showed that DCM could track changes in DBS-induced effective connectivity

related to voluntary movements highlighting the role of the insular cortex and the

thalamus (Kahan et al., 2012).
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DCMs, therefore, could inform new possible therapeutic strategies that act di-

rectly on aberrant connectivity (reviewed in more detail in this issue; Moran,

2015). Furthermore, through their biophysical authenticity, DCMs can potentially

also make inferences regarding the specific subtype of connections that may cause

the effects of DBS, whether orthodromic, antidromic, or mediated by interneurons.

However, by identifying pathological connectivity as being instrumental to beta os-

cillations and PD, a further approach may be warranted. Whereas the antikindling

stimulation described above aims to generally decrease network connectivity within
the basal-ganglia-cortical network, a more specific unwiring of excessive connectiv-

ity may now also be conceivable. Previous empirical work has shown, for example,

that using focused dual-site stimulation it is possible to modulate connectivity

( Jackson et al., 2006). DCMs could then be used to test whether such interventions

should selectively weaken or strengthen aberrant connections and to assess whether

this reduces beta oscillations and restores movement in PD. Whether modulating

large-scale connections along whole pathways using such a technique would be suf-

ficiently discriminative to reverse pathological connectivity in PD, which may be

more fine grained and complex, remains to be determined.

The biophysical modeling work discussed thus far treats the basal ganglia simply

as a physical system which can therefore be described by classical equations or equa-

tions of motion. We have seen that this can be approached at various levels of de-

scription from low-level techniques modeling individual neuronal firing with

Hodgkin–Huxley equations to intermediate-level summary statistics such as neuro-

nal phase or interregional connectivity. All these models though are optimized

against physiological parameters (e.g., thalamocortical relay, phase synchronization)

which are presumed to be important for the healthy functioning of the basal ganglia

and to be abnormal in diseases such as PD. However, these inferences between tha-

lamocortical relay and symptoms, for example, are indirect in that they emerge from

the noted association with disease in empirical studies and rely on a gross simplifi-

cation of the role of the thalamus. Therefore, although thalamocortical relay is hy-

pothesized to correlate with generalized disease states, this lacks specificity, as the

relationship to symptoms is only weakly determined through broad correlations, and

might be epiphenomenal. As such the inferences fail to generate detailed predictions

about the effect of DBS on behavior and side effects. In effect—the stimulation par-

adigms tested in models are labeled as being simply either “good” or “bad” depend-

ing on their ability to “restore” thalamocortical relay or suppress overall

synchronization. However, as we know from DBS with PD, stimulation can have

opposing effects on different behavioral aspects in the same subject—such as in-

creasing the rate of movement initiation at the expense of reducing behavioral con-

trol (causing impulsivity).

Ultimately, the problems discussed here mandate the development of models that

describe how physiological changes, such as those quantified through network syn-

chronization or effective connectivity, affect the computations the respective circuits

carry out, and how this in turn changes what the network actually does in terms of

resultant behavior. This then could enable the design and tailoring of stimulation
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regimes that reorientate aberrant information processing and algorithms in order to

achieve specific behavioral outcomes that are determined in computational terms.

3 TOWARD COMPUTATIONAL MODELING FOR DBS
The biophysical models considered thus far recapitulate many of the physiological

dynamics of the cortico-basal-ganglia network during stimulation.However, they gen-

erally do not seek to explain the information processed in these circuits, nor how they

may be altered through stimulation. Computational models that formalize hypotheses

about how specific environmental functional challenges are solved in neural circuits

would thus seem a paramount requirement for making more nuanced and precise

predictions regarding different aspects of the behavioral consequences of DBS.

Such computational models ask what the real-world problems are that need

solving, and then next how these may be “addressed” by a neural system.With regard

to movement, for example, a number of key computational issues that our motor

systems need to solve have been identified including—noise, uncertainty, nonstatio-

narity, redundancy, delays, and nonlinearity (Franklin and Wolpert, 2011). These

challenges render motor control a fiendishly difficult computational problem, yet im-

pressive advances have been made in devising models that can explain some of these

processes and their mapping onto activity in neural circuits (Lisman, 2015; Orbán

and Wolpert, 2011; Sabes, 2011; Scott, 2012; Wolpert, 2014).

Specifically which computations become aberrant in PD, and perhaps in individ-

ual patients, and specifically which computations are targeted by DBS remains

largely undisclosed. This is unsatisfactory because it foregoes the potential for tar-

geting specific aspects of movement control, possibly in distinct ways in different

individuals, through better understanding of how physiological changes elicited

by DBS map onto behavior.

There is also another vital, perhaps often neglected reason motivating the devel-

opment of computational models of DBS: currently, the mechanistic underpinnings

giving rise to the side effects often observed under stimulation remain poorly under-

stood (Wiecki and Frank, 2010). Minimizing side effects may not simply be possible

by just targeting smaller spatial subsets of the system, but instead may require knowl-

edge of the critical processes that cause poor movement in PD and those causing side

effects. In absence of these, it seems unlikely that stimulationwill outgrow the kind of

trial-and-error approaches currently required to optimize clinical outcome.

Computational models at intermediate mesoscopic levels of description can, in

principle, capture key population dynamics, and yet be robust to low-level assump-

tions. They are also constrained by the neurobiology of the real cortico-basal-ganglia

network, and we proposed that such models will be ideally suited for computational

modeling of DBS. While this may appear ambitious, it is worth noting that impres-

sive inroads have been made in developing computational models of basal ganglia

function on which efforts to understand the impact of DBS can be inspired and

built on.
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3.1 COMPUTATIONAL MODELING OF BASAL GANGLIA FUNCTION
Computational models which incorporate a functional account of cortico-basal-

ganglia circuits have recently been established for behaviors such as reinforcement

learning, action selection and motor learning (Bogacz and Larsen, 2011; Bornstein

and Daw, 2011; Cohen and Frank, 2009; Frank, 2006; Friston et al., 2012; Shah and

Gurney, 2014). A full understanding of PD and its response to DBS first requires a

computational understanding of the role of DA in the motor network. The critical

advance in this regard came with a highly reduced early neural network model which

explicitly hypothesized that DA might partly serve to index reward prediction error

(Montague et al., 1996). This was then dramatically confirmed in monkey recordings

shortly afterward showing DA neuronal firingmodulating to unexpected rewards and

punishments, marking a impressive validation of such a theoretical modeling-driven

approach (Schultz et al., 1997). Understanding the central role of DA in reinforce-

ment learning then led to further explorations of how this prediction error signal

might impact on the circuitry of the basal ganglia and resultant behavior using

models that built on this computational account (Frank, 2005; Frank et al., 2004).

Specifically, Frank and colleagues, using a neuronal firing network model of the

basal ganglia, predicted that a lack of DA in PD would result in a reduction in the

activation in the direct (GO) pathway. This, in turn, was predicted to cause a paucity

of movement but also a reduced ability to learn from positive outcomes (avoidance

bias), and these predictions were subsequently confirmed experimentally (Frank

et al., 2004). Importantly, the administration of levodopa reversed this bias leading

to impairment of learning from negative outcomes (i.e., a positive bias) (Frank et al.,

2004). The inability to learn from negative outcomes in the presence of dopaminergic

medication is likely closely related to some of the side effects experienced with these

medications, such as pathological gambling (Dagher and Robbins, 2009). Further

studies have since demonstrated how DA itself increases long-term potentiation

(LTP)—thereby effectively hardwiring in these response biases (Shen et al., 2008).

The motor corollary of the avoidance bias found in unmedicated PD patients is

that of “catalepsy”—akinesia and rigidity (Wiecki and Frank, 2010). These cardinal

symptoms of PD have traditionally been defined phenomenologically (descrip-

tively), reflecting a lack of knowledge regarding their computational foundations.

Bradykinesia in PD had for some time been proposed to be an adaptive response

to reduced motor accuracy (Berardelli et al., 2001). However, more recent evidence

has shown that in PD, accuracy and indeed even peak velocity are often preserved,

but average overall speed is lower, interpreted as an implicit shift in the internal

valuation of the cost/benefit of movement (much like the avoidance bias discussed

above) (Mazzoni et al., 2007). The reduced internal valuation is also reflected in

motor learning, with PD patients being better at learning to reduce their movement

velocities from their own baseline in order to avoid negative outcomes than to in-

crease it (Moustafa et al., 2008). This contrasts with patients administered levodopa

medication who showed the opposite pattern, being better at learning to increase their

movement velocities in order to gain positive outcomes (Moustafa et al., 2008).
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Moreover, there is intriguing evidence that akinesia and bradykinesia themselves can

also be considered as learnt responses due to evidence that these symptoms take time

to develop after DA antagonist exposure (sensitization), can be context dependent,

and are partially reversible in animal models (Wiecki et al., 2009).

Can DBS interact with the basal ganglia under such a computational framework,

can it specifically target these learnt behaviors, or does DBS simply recapitulate the

mechanisms of levodopa? To investigate this, Frank and colleagues expanded their

original model to include the STN and DBS (Frank et al., 2007). Significantly, their

neural network model then suggested that the STNmodulates the timing of motor re-

sponses. Timing was found to be particularly important when there were conflicting

choices inwhich case the STNwould act as a brake on the basal ganglia in order to give

more time for evidence accumulation (Fig. 3). STNDBS, however, blocked this brak-

ingmechanismwhich led to impulsivity that was clearly dissociable from the positive

learningbias found tobe inducedby levodopaanddiscussedabove (Franket al., 2007).

More recentwork has suggested that the STNandGPimay also be involved directly in

both evidence accumulation and threshold setting and that the latter has been shown to

be modulated by DBS (Kohl et al., 2015; Obeso et al., 2014).

Overall, great progress has now been made in building a computational under-

standing of PD with separate models now accounting for motor control deficits, mo-

tor and reward learning, decision making under conflict, DBS-induced impulsivity,

and levodopa-induced addictive behavior. The formative models by Frank et al. pro-

vide compelling examples on how biophysically grounded models can be used to

explain some of the computations carried out in the targeted circuits during DBS,

and their resultant behavior.

Bogacz and colleagues have recently developed a cortico-basal-ganglia-thalamic

neural network model that addresses the problems of reinforcement learning and op-

timal decision making within a single computational model comprised of multiple

levels—computational, algorithmic, and implementational (Bogacz and Larsen,

2011; Marr, 1982). Starting at the computational level, consideration is given to

the real-world problem of how an agent optimally learns stimulus–reward mappings

in a stochastic environment and makes decisions about stimuli in the presence of

noise. At the algorithmic level, the model calculates prediction errors and integrates

sensory evidence. Finally, at the implementational level, a mean-field firing rate

model details how the computations and algorithms may be realized in the brain,

in agreement with previous theoretical and empirical accounts detailing the strong

relationship between DA and reward prediction error (Montague et al., 1996;

Schultz et al., 1997). The structure of such a model may lend itself gracefully to in-

terrogation, by modulating input parameters according to DBS pulses and observing

subsequent effects on the network and behavior. This would deliver the exciting pos-

sibility of being able to make behaviorally relevant and precise predictions regarding

the effect of DBS on a full range of behavior, including learning and motor decision

making, which could then be tested empirically and the results used to recursively

improve the model and stimulation parameters.
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FIGURE 3

Computational model of the effect of DBS on the basal ganglia and behavior. (A) Neural

network model of the basal ganglia (squares represent units, with height and color reflecting

neural activity). The preSMA selects a response (R1 or R2) via direct projections from the

sensory input and is modulated by basal ganglia (BG) output via the thalamus. Go and NoGo

units are, respectively, in the left and right halves of the striatum, with separate columns

for each response, and receive dopaminergic (DA) learning signals from the substantia nigra

pars compacta (SNc). The STN sends a Global NoGo signal by exciting globus pallidus,

internal segment (GP Int) in proportion to response conflict in preSMA (these projections

shown in red (dark gray in the print version)). In the case shown, conflict is low because

only a single response (R1) is active. (B) Model predictions for reinforcement learning.

Plots show striatal activation-based receptive fields indicating summed Go-A and NoGo-B

associations. (C) The same model’s predictions for conflict-induced slowing. Reaction times

are indexed by the number of processing cycles before a given response is selected.

Simulation results reflect mean values across 25 network runs with random initial synaptic

weights. (D) Normalized activity in the model STN and thalamus, in a representative

high-conflict win/win trial. The model selects a response when thalamus activity rises and

subsequently facilitates the associated preSMA units.

Reproduced with permission from Frank et al. (2007).
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In an alternative attempt to unify reinforcement learning and optimal decision

making, Friston and colleagues recently addressed how DA depletion might alter

the information exchanged within a neural system during simple sensory-guided se-

quential movement (Friston et al., 2012). These authors developed a hierarchical

generative sensorimotor network model comprised of several motor cortical regions

(primary motor, premotor, and prefrontal), mesocortical and nigrostriatal DA projec-

tions, and the superior colliculus. This generative model was used to simulate

the neural dynamics within this network during simple sensory-guided sequential

reaching movements using coupled differential equations. The model thus sought

to capture the dynamic message passing through different nodes of the cortico-basal-

ganglia network when responding to changing sensory contingencies. In this model,

the functional role of DA is recast as controlling the gain (precision) on sensory pre-

diction errors in the hierarchy of brain regions of the network. The impact of reduced

dopaminergic neurotransmission was then simulated, with the physiological and be-

havioral manifestations of this depletion being dependent on where in the brain they

occurred. In other words, this model demonstrates how the behavioral impact of DA

depletion can lead to diverse functional consequences (as also observed empirically)

depending on their anatomical location. Notably, the impact of DA depletion on

movement speed was inverted when it occurred at higher versus lower levels of

the sensorimotor hierarchy. Of relevance here is that such relatively high-level net-

work models which are biophysically grounded in the lower levels of description

may provide ideal test beds for exploring how different targets for DBS may produce

different behavioral outcomes, including side effects in relation to the specific

behavior under investigation.

3.2 COMPUTATIONAL MODELING OF NEURONAL OSCILLATIONS
For models to help in the advancement of DBS, they must incorporate stimulation

and generate predictions on how the neural dynamics and their resultant behavior

change under such interventions (Cohen and Frank, 2009; Frank, 2005; Friston

et al., 2012; Wiecki and Frank, 2010). Importantly, these models should be cast at

a level of detail that is tractable and delivers predictions at a level that can be readily

observed in experiments linked to behavior. Of particular relevance to the changes

observed in PD are oscillations in the beta frequency (13–30 Hz), and thus, models

seeking to explain the specific computations carried by these oscillations may be of

particular relevance for understanding DBS (Engel and Fries, 2010).

Brain oscillations have been recognized for nearly 100 years and yet their precise

computational role is still disputed (Pfurtscheller et al., 1996; Shadlen and Movshon,

1999). Progress is now being made in understanding how specific frequencies of os-

cillations may subserve particular functions, from cognition to movement (Buzsáki

and Draguhn, 2004; Wilson et al., 2015). Oscillations in the motor network are dom-

inated by beta (Alegre et al., 2002; Rivlin-Etzion et al., 2006). These beta oscillations

are notable in the sensorimotor cortex of healthy subjects but are particularly prom-

inent subcortically in patients with PD, where they are suppressed by treatment with
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levodopa and DBS, although their mechanistic role remains unclear (Eusebio et al.,

2011; Hammond et al., 2007; Kühn et al., 2006).

Advancing DBS in PDmust therefore investigate and understand the mechanistic

role of oscillations, particularly beta, in health and disease. This would potentially

allow for tailoring stimulation in a way that dynamically optimizes beta according

to its functional role rather than merely attempting to downregulate its broadband

power across the network as a whole. One could envisage how in an individual

PD patient, a computational understanding of their particular symptom complex

coupled with a formal knowledge of how this relates to the beta network both ana-

tomically and physiologically (e.g., desynchronization and rebound) would allow a

directed and principled retailoring of the beta network to reverse symptoms while

limiting side effects.

Going further however, if it were possible to design a stimulation method that

gave specifically patterned stimulation according to the form and phase of individual

oscillations, it may be then feasible to directly tune beta (or for that matter any os-

cillation) in isolation without affecting other oscillations (Little, 2014). This prom-

ises a potential radical new shift in stimulation therapies through which one could

selectively control individual oscillations based on an understanding of their precise

computational role rather than merely on descriptive features. In order to guide such

a stimulation strategy and adopt a rational, principled approach to DBS in PD, a dee-

per understanding of the computational role of beta oscillations is imperative. For

one, this will help to derive new stimulation strategies and to constrain the enlarging

potential parameter space that phase-controlled stimulation (pcDBS) regimes open

up. But what computational function might oscillatory synchrony serve?

Oscillations have broadly been linked to perceptual binding and information

transfer in hierarchical networks (Bastos et al., 2015; Fries, 2005; Singer, 2001). Re-

cent animal and modeling work suggests that ascending (bottom-up) and descending

(top-down) cortical information flow in the brain may utilize different oscillatory

frequencies, namely gamma and beta oscillations, respectively. These frequencies

appear to have different cortical laminar localization and are differentially modu-

lated by task demands (Bastos et al., 2014; Bosman et al., 2012; Buffalo et al.,

2011). This allocation of different cortical oscillations onto ascending and descend-

ing projections indicates a specific computational role for individualized frequencies

that then may relate to top-down and bottom-up prediction errors (Fig. 4) (Bastos

et al., 2012; Tan et al., 2014). The anatomical (laminar) specificity of beta oscilla-

tions lends further credence to the idea that understanding their functional role may

hold the key for understanding the mechanisms underlying DBS.

With much of the recent progress in understanding the neurocomputational role

of neural oscillations, complex patterned stimulation regimes may soon be able to

specifically modulate individual oscillations, within the brain, on demand. At such

a point, a theoretically driven computational-based approach will be required to

inform on how and when to up- and downregulate oscillations in order to confer

benefits which can be precisely predicted. For example, in PD, many questions

remain—such as to whether it is cortical or subcortical (low or high) beta which
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FIGURE 4

Schematic illustrating spectral asymmetries in superficial and deep cells of the cortex as predicted by a canonical microcircuit model. (A, left

panel) The top spectral density plot shows the power of the superficial pyramidal cells, here set to be in the gamma range (60 Hz) with a

smaller peak in the beta range (20 Hz). The bottom panel shows the spectral density of the deep pyramidal cells as a function of the

spectral density in the superficial cells. Note the significantly increased beta activity and reduced gamma activity in the deep cells following

transformation. This can be understood as evidence accumulation implicit in predictive coding. (A, right panel) Schematic of the neural mass

model of the canonical microcircuit with connectivity and functions that generate the spectral densities on the left (Bastos et al., 2012).

(B) Dependence of local field potential (LFP) power on cortical laminar depth in recordings from monkey visual cortex. (Left panel): normalized

LFP power in the 0–30 Hz range, as a function of electrode depth (y-axis) and frequency (x-axis). (Right panel): LFP power in the 30–80 Hz

band. Note the laminar depth dependency of spectral density with power concentrated at lower frequencies in deeper laminae and higher

frequencies for superficial laminae in keeping with the model predictions.

Adapted with permission from Smith et al. (2013).
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should be targeted, and how to perform this dynamically in a manner which directly

addresses the computational deficits in individual patients and preserves the physi-

ological functioning of, for example, normal beta desynchronization and rebound.

This is of course ambitious but excitingly does then suggest the possibility of a prin-

cipled approach to normalizing brain networks which could restore function while

avoiding side effects. Furthermore, by replacing current phenomenological descrip-

tive clinical symptoms with more precise computational accounts, diagnostic

accuracy and disease monitoring could also be greatly enhanced. Finally, this meth-

odology, if validated in PD, could be extended to a wide range of other conditions

that are associated with oscillatory network abnormalities and are currently difficult

to treat effectively.

4 CONCLUSIONS
Despite the successes of DBS thus far, it still remains elusive how this intervention

leads to the clinical improvements and side effects often observed. Answers to these

questions and further progress in the development of DBS will require a better un-

derstanding of how stimulation changes information processing in cortico-basal-

ganglia circuits. This will necessitate the recursive iteration between modeling

and empirical studies that can interrogate the impact of DBS on the network at dif-

ferent levels of description. Detailed biophysical models of the basal ganglia and the

circuitry in which they are embedded in the brain may not be sufficient. Instead, fo-

cus must now also turn to investigating how stimulation affects the underlying com-

putations performed in these circuits with the key challenge being to understand

precisely how stimulation changes “what” it is the system does. Appropriate quan-

titative models must be developed with which to interrogate these questions.

The use of computational models has now pervaded into and even become im-

perative in many fields in basic and translational neuroscience, such as psychiatry

(Adams et al., 2015; Montague et al., 2012; Wang and Krystal, 2014), reinforcement

learning (Montague et al., 1996; Schultz et al., 1997), and neural coding (Dayan and

Abbott, 2005). Adopting similar approaches for DBS promises a deeper understand-

ing of how individual stimulation protocols cause desired and unwanted behavioral

outcomes, with the potential to harness this knowledge to design principled, individ-

ualized, optimal stimulation paradigms for patients. If validated in PD, computa-

tional neurostimulation could be applied to a wide range of other neurological

and psychiatric conditions, to improve our understanding of these diseases, and to

help develop effective new stimulation therapies.
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