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SYSTEMS AND METHODS FOR VOA MODEL GENERATION AND USE

CROSS-REFERENCE TO RELATED APPLICATIONS

[1] The present application claims priority to U.S. Provisional Patent Application Serial

No. 61/721,112 filed on November 1, 2012, the content of which is hereby incorporated by

reference herein in its entirety.

FIELD OF THE INVENTION

[2] Aspects of the present invention pertain to generation of a model that outputs a

representation of an estimated volume of tissue activated (VOA) or its isosurface in response

to input parameters that are representative of a stimulation applied by an implanted leadwire.

Aspects of the present invention also separately and/or additionally pertain to use of one or

more types of data representative of values at a plurality of locations along each of a plurality

of anatomical elements, e.g., neural elements, as input to a model that accordingly outputs a

VOA covering those of the elements estimated to be activated with an applied stimulation to

which the data corresponds.

BACKGROUND INFORMATION

[3] Stimulation of anatomical regions of a patient is a clinical technique for the treatment

of disorders. Such stimulation can include deep brain stimulation (DBS), spinal cord

stimulation (SCS), Occipital NS therapy, Trigemenal NS therapy, peripheral field stimulation

therapy, sacral root stimulation therapy, or other such therapies. For example, DBS may

include electrical stimulation of the thalamus or basal ganglia and may be used to treat

disorders such as movement disorders such as essential tremor, Parkinson's disease (PD), and

dystonia, and other physiological disorders. DBS may also be useful for traumatic brain

injury and stroke. Pilot studies have also begun to examine the utility of DBS for treating

depression, obesity, epilepsy, and obsessive-compulsive disorder, Tourette's Syndrome,

schizophrenia, and other indications.

[4] A stimulation procedure, such as DBS, typically involves first obtaining preoperative

images, e.g., of the patient's brain, such as by using a computed tomography (CT) scanner

device, a magnetic resonance imaging (MRI) device, or any other imaging modality. This



sometimes involves first affixing to the patient's skull spherical or other fiducial markers that

are visible on the images produced by the imaging modality. The fiducial markers help

register the preoperative images to the actual physical position of the patient in the operating

room during the later surgical procedure.

[5] After the preoperative images are acquired by the imaging modality, they are then

loaded onto an image-guided surgical (IGS) workstation, and, using the preoperative images

displayed on the IGS workstation, a neurosurgeon can select a target region within the patient

anatomy, e.g., within the brain, an entry point, e.g., on the patient's skull, and a desired

trajectory between the entry point and the target region. The entry point and trajectory are

typically carefully selected to avoid intersecting or otherwise damaging certain nearby critical

structures or vasculature.

[6] In the operating room, the physician marks the entry point on the patient's skull, drills

a burr hole at that location, and affixes a trajectory guide device about the burr hole. The

trajectory guide device includes a bore that can be aimed to obtain the desired trajectory to

the target region. After aiming, the trajectory guide is locked to preserve the aimed trajectory

toward the target region. After the aimed trajectory has been locked in using the trajectory

guide, a microdrive introducer is used to insert the surgical instrument along the trajectory

toward the target region, e.g., of the brain. The surgical instrument may include, among other

things, a recording electrode leadwire, for recording intrinsic electrical signals, e.g., of the

brain; a stimulation electrode leadwire, for providing electrical energy to the target region,

e.g., of the brain; or associated auxiliary guidewires or guide catheters for steering a primary

instrument toward the target region, e.g., of the brain.

[7] The stimulation electrode leadwire, which typically includes multiple closely-spaced

electrically independent stimulation electrode contacts, is then introduced and positioned in

close proximity to the tissue targeted for sitmulation, to deliver the therapeutic stimulation to

the target region, e.g., of the brain. An implanted pulse generator (IPG) generates electric

pulses to transmit signals via the leadwire. The leadwire can include cylindrically

symmetrical electrodes, which, when operational, produce approximately the same electric

values in all positions at a same distance from the electrode in any plain that cuts through the

electrode perpendicular to the central longitudinal axis of the leadwire. Alternatively, the

leadwire can include directional electrodes that produce different electrical values depending

on the direction from the electrode. The stimulation electrode leadwire is then immobilized,



such as by using an instrument immobilization device located at the burr hole entry, e.g., in

the patient's skull, in order for the DBS therapy to be subsequently performed.

[8] The target anatomical region can include tissue that exhibit high electrical

conductivity. For a given stimulation parameter setting, a respective subset of the neural

elements are responsively activated. A stimulation parameter can include, for example, a

current amplitude or voltage amplitude, which may be the same for all of the electrodes of the

leadwire, or which may vary between different electrodes of the leadwire. The applied

amplitude setting results in a corresponding current in the surrounding neural elements, and

therefore a corresponding voltage distribution in the surrounding tissue.

[9] After the immobilization of the stimulation electrode leadwire, the actual stimulation

therapy is often not initiated until after a time period of about two-weeks to one month has

elapsed. This is due primarily to the acute reaction of the brain tissue to the introduced

electrode leadwire (e.g., the formation of adjacent scar tissue), and stabilization of the

patient's disease symptoms. At that time, a particular one or more of the stimulation

electrode contacts is selected for delivering the therapeutic stimulation, and other stimulation

parameters are adjusted to achieve an acceptable level of therapeutic benefit. The IPGs offer

a wide range of stimulation settings which can be independently or concurrently varied in

order to correspondingly alter the size, shape, and location of the volume of tissue being

therapeutically affected by the stimulation.

[10] Systems and methods are provided that facilitate exploration of target regions of

stimulation and stimulation therapies to determine which therapy regimen is best suited for a

particular patient or group of patients.

[11] A treating physician typically would like to tailor the stimulation parameters (such as

which one or more of the stimulating electrode contacts to use, the stimulation pulse

amplitude, e.g., current or voltage depending on the stimulator being used, the stimulation

pulse width, and/or the stimulation frequency) for a particular patient to improve the

effectiveness of the therapy. Parameter selections for the stimulation can be achieved, for

example, via trial-and-error. However, the use of guiding visualization software provides for

efficient stimulation parameter selection. See Frankemolle, A. et al, "Reversing cognitive-

motor impairments in Parkinson's disease patients using a computational modelling approach

to deep brain stimulation programming," Brain 133 (3): 746-761 (2010). Indeed, systems and

methods are provided that provide visual aids of the electrode location in the tissue medium



along with computational models of the volume of tissue influenced by the stimulation,

thereby facilitating parameter selection. See, for example, U.S. Pat. App. Ser. No.

12/454,330, filed May 15, 2009 ("the '330 application"), U.S. Pat. App. Ser. No. 12/454,312,

filed May 15, 2009 ("the '312 application"), U.S. Pat. App. Ser. No. 12/454,340, filed May

15, 2009 ("the '340 application"), U.S. Pat. App. Ser. No. 12/454,343, filed May 15, 2009

("the '343 application"), and U.S. Pat. App. Ser. No. 12/454,314, filed May 15, 2009 ("the

'314 application"), the content of each of which is hereby incorporated herein by reference in

its entirety. Those applications describe systems including equation-based models for

generation of VOAs based on input of stimulation parameters. The described systems and

methods provide for estimation of stimulation volumes and display models of a patient

anatomy and/or a stimulation leadwire, via which to graphically identify the estimated

stimulation volumes and how they interact with various regions of the patient anatomy. If a

physician selects a putative therapeutic stimulation parameter combination, the software

displays a representation of the volume of surrounding tissue which is estimated to be

activated by the system. See also S. Miocinovic et al, "Cicerone: stereotactic

neurophysiological recording and deep brain stimulation electrode placement software

system," Acta Neurochir. Suppl. 97(2): 561 -567 (2007).

[12] U.S. Prov. Pat. App. Ser. Nos. 61/521,583 ("the '583 application"), filed August 9,

201 1 and 61/690,270 ("the '270 application"), filed June 22, 2012, each of which is hereby

incorporated by reference in its entirety, further describe generation of a VOA on a fiber

specific basis.

SUMMARY

[13] Embodiments of the present invention provide an improved estimation model for use

to generate VOAs. Example embodiments provide a VOA generation model that accepts as

input, values of a same parameter at multiple locations along a single neural element, e.g., a

fiber, an axon, a neuron, etc., the input values corresponding to a particular set of stimulation

settings, e.g., which of the electrodes are activated, their respective powers, pulse width, etc.,

and produces, based on such input, a VOA (or isosurface encompassing the VOA). The

multiple input values may be of a same single data type. For example, they can all be voltage

values at the different positions of the neural element, for example, of an electric field

produced by the particular set of stimulation settings. Alternatively, they can all be, for

example, activating function (AF) values, i.e., values of second central difference of the



voltage at the center of each node of Ranvier of each fiber. In an example embodiment, a test

neural element is plotted (the term "plot," as used herein, refers to an internal association of

data values with spatial coordinates, and need not include the output of a graphical

representation of such an association) at each of a plurality of points about the leadwire and

input into the estimation model for determination of whether the respective points are

estimated to be activated at the given stimulation parameter settings. An example appropriate

test neural element includes approximately 2 1 nodes. See "Modeling the Excitability of

Mammalian Nerve Fibers: Influence of Afterpotentials on the Recovery Cycle," Cameron C.

Mclntyre et al, J Neurophysiol., 87:995-1006 (2002). However, neural elements having

fewer or a greater number of nodes can be used. Additionally, other data types can be used

instead.

[14] In this regard, previous generations of prediction algorithms have employed two or

fewer scalar values of different type in order to classify a particular fiber as activated by the

given stimulation settings. For example, the '583 and '270 applications refer to a model that

accepts as input scalar values for two data types at a single respective position along a neural

element. However, the inventors of the present application have discovered that an

estimation model that accepts values of the same single type taken along two or more

positions of a neural element provides a more accurate VOA. Specifically, such a model

more accurately estimates whether the relevant neural element is activated than a model that

accepts only one value for each of two different data types per relevant neural element.

Moreover, the multiple values of the same data type at respective multiple locations of a

considered neural element are indicative of the value gradations in space, allowing for an

estimation even in the case of directional leadwires.

[15] In an example embodiment, the model accepts values for each of more than one data

type for each of the plurality of locations of the relevant neural element. For example, the

model accepts, for each of the plurality of locations along the considered neural element, a

voltage value and an AF value as suggested in the '583 and '270 applications for a single

location of the neural element. In an example embodiment, based on the model

determinations of activation for each of the considered neural elements, the system draws as

the VOA a volume encompassing all of the neural elements the model has estimated to be

activated.

[16] VOA generation models have been previously suggested, for example, as taught in the

'330, '312, '340, '343, and '314 applications. Often the generation of the models are such



that different models must be generated for a specific stimulation leadwire type. For

example, if a model is generated for a symmetrically cylindrical leadwire, a different model

would have to be generated for a directional leadwire. This adds burden to the process of

introducing new leadwires to the market and affects decisions on leadwire development.

Moreover, while some of the previously generated models provide substantially accurate

VOAs for parameters of cylindrically symmetrical leadwires, they are indeed not usable for

directional leadwires. For example, the previously generated models rely on a set of

assumptions which include the cylindrical symmetry of the leadwire and specifics of the

geometry of the leadwire, and therefore new models are required.

[17] Example embodiments of the present invention provide for a better model generation

method, which produces a model that outputs VOAs for various types of leadwire designs,

including both cylindrically symmetrical and directional type leadwires, and which requires

less restrictive assumptions, for example, which do not require the assumption of symmetry

of the values cylindrically about an electrode at a given outer radius. Such a model would be

more general than current models and would support new symmetric, directional, and

arbitrary leadwires. Specifically, example embodiments of the present invention provide for

use of machine learning (ML) for automatic (or partially automatic) generation of an

estimation model that outputs a VOA for a given input.

[18] Accordingly, example embodiments of the present invention use machine learning

techniques to generate a model that predicts the activation threshold and/or the activation

classification (activated or not activated) by considering field data (scalar or vector) of

electrical parameters (e.g., voltage, current, derivatives, densities) in a uni- or multi

dimensional space. The machine learning based estimation model can support a robust and

changing portfolio of leadwires.

[19] Example embodiments of the present invention provide for use of machine learning to

generate a model that accepts as input for each of a plurality of neural elements, data of a

single type for each of a plurality of locations of the respective neural element, estimates for

each of the neural elements and based on such data whether the respective neural element is

activated, and provides for a visual two- or three-dimensional representation of an area

including those of the neural elements estimated to be activated and excluding those of the

neural elements positioned, with respect to the leadwire, beyond the farthest of those of the

neural elements estimated to be activated. The combination of the use of machine learning to

generate the estimation model with the estimation model accepting as input data of a selected



type at multiple locations of the considered neural element further provides for the resulting

estimation model to be usable for estimating VOAs for parameter settings of different kinds

of leadwires.

[20] Alternative example embodiments of the present invention provide for determining

activation thresholds at the plurality of locations, without performing the following step of

determining whether the neural elements are activated. For example, in an example

embodiment the model outputs a firing threshold(s) based on normalized input data. A

different module can then be used based on the threshold(s) to determine which neural

elements are estimated to fire based on currently set settings.

[21] Alternative example embodiment of the present invention provide for use of machine

learning to generate a model such as that described above, but that accepts as input for each

of a plurality of neural elements, data of each of multiple types for each of the plurality of

locations of the respective neural element.

[22] The various methods described herein may be practiced, each alone, or in various

combinations.

[23] An example embodiment of the present invention is directed to a processor, which can

be implemented using any conventional processing circuit and device or combination thereof,

e.g., a Central Processing Unit (CPU) of a Personal Computer (PC) or other workstation

processor, to execute code provided, e.g., on a hardware computer-readable medium

including any conventional memory device, to perform any of the methods described herein,

alone or in combination. The memory device can include any conventional permanent and/or

temporary memory circuits or combination thereof, a non-exhaustive list of which includes

Random Access Memory (RAM), Read Only Memory (ROM), Compact Disks (CD), Digital

Versatile Disk (DVD), and magnetic tape.

[24] An example embodiment of the present invention is directed to a hardware computer-

readable medium, e.g., as described above, having stored thereon instructions executable by a

processor to perform the methods described herein.

[25] An example embodiment of the present invention is directed to a method, e.g., of a

hardware component or machine, of transmitting instructions executable by a processor to

perform the methods described herein.



BRIEF DESCRIPTION OF THE DRAWINGS

[26] The patent or application file contains at least one drawing executed in color. Copies

of this patent or patent application publication with color drawing(s) will be provided by the

Office upon request and payment of the necessary fee.

[27] Fig. 1 is a flowchart that illustrates a method for generating a VOA estimation model

using a machine learning system, according to an example embodiment of the present

invention.

[28] Figs. 2A-2B are block diagrams that illustrate a data flow into and out of a VOA

estimation model, according to example embodiments of the present invention.

[29] Fig. 3 is a flowchart that illustrates a method for using a VOA estimation model,

according to an example embodiment of the present invention.

[30] Fig. 4 is a diagram illustrating a data flow for generation and use of a VOA estimation

model, according to an example embodiment of the present invention.

[3 1] Fig. 5 is a graph of plotted data that can be input to a machine learning system for

generating a VOA estimation model, according to an example embodiment of the present

invention.

DETAILED DESCRIPTION

[32] Example embodiments of the present invention relate to the automatic generation of a

VOA estimation model, which receives input related to electromagnetic fields, e.g., voltage,

current, magnetic flux, derivatives such as AF, etc., taken along spatial positions

corresponding to test neural elements positioned at anatomical points surrounding an

implanted stimulation producing leadwire, and, based on the input, classifies the anatomical

points, as represented by the test neural element, as either activated or not activated. The test

neural element can be selected from various types of neural elements including, for example,

an axon, a dendrite, general fibers, a cell body, cell bodies with processes, a glial cell, etc.

The definition of active and not active is also selectable. For example, any one of many

neural events can be selected as an activation of the selected neural element. An example

neural event is the firing of a neuron. For example, in an example embodiment, a neuron is

used as the test neural element, the considered spatial positions taken along the neural

element are the nodes of Ranvier, the data taken at each node of Ranvier is a voltage and/or

AF value, and the neural event is the firing of the neuron, such that an anatomical point is



considered active if it is determined that the test neuron plotted at the anatomical point fires

considering the present stimulation settings of the leadwire and the voltage and/or AF values

at the nodes of Ranvier of the plotted test neuron. However, in other example embodiments,

other neural events can be considered for the activated / non-activated classification. For

example, in the case of use of a glial cell as the test neural element, a simulation could be

used to determine whether the cell is activated in a therapeutic manner which is the relevant

neural event, e.g., cellular release of a neurotransmitter or ion. The combination of activated

anatomical points classified as activated forms the VOA.

[33] According to an example embodiment of the present invention, a method, as shown in

Fig. 1, for generating an estimation model that outputs a VOA (or isosurface encompassing

the VOA) includes, at step 100, inputting into a computationally expensive system a plurality

of sets of information concerning a stimulation set-up. The system can include, for example,

a non-linear neural element model, for example, that includes numerical integration. It can

entail, for example, two or more interacting differential equations. It can be deterministic or

probabilistic. Input to the computationally expensive system can include voltage or another

parameter derived from voltage, e.g., electric field (EF) or activating function (AF), at several

positions of a neural element.

[34] An example of such a computationally expensive system is one that implements the

software NEURON®. See Carnevale, N.T. et al, "The NEURON Book," Cambridge, UK:

Cambridge University Press (2006). Another computationally expensive system can be used,

but the description below of example embodiments will refer to NEURON®. The set of

information can include information concerning the leadwire and its settings and/or electric

field data in an anatomical region in which the leadwire is implanted. Different information

sets can concern different leadwires, different stimulation settings, and/or different patients.

[35] The computationally expensive system can then output membrane voltage over time,

including action potentials or neural firing. For example, at step 102, for each set of

information, respectively, NEURON® outputs an estimated region about the leadwire

considered to be activated. To do so, NEURON® can determine the activation thresholds for

a plurality of plotted neural elements given the electric field data. Those anatomical positions

whose calculated activation thresholds are met by the present stimulation settings are

considered to be activated. It is noted that synaptic inputs might also be used as input to

NEURON® or might be part of that which is modeled by NEURON®.



[36] While such computationally expensive systems provide what can be considered the

gold standard for VOA output, they do not provide output quickly. Accordingly, the system

and method of the present invention further provides a computationally inexpensive VOA

estimation model based on data obtained from NEURON®. In this regard, at step 104, the

input provided to NEURON®, including all of the sets of information, and all respective

output of NEURON® are provided to a machine learning system. For example, a user can

manually upload the NEURON® input and output to the machine learning system.

Alternatively, a processor can execute a program that causes the processor to automatically

input the data to the machine learning system, e.g., periodically or in response to a

predetermined event, e.g., an output event by NEURON®.

[37] In an example embodiment of the present invention, an Artificial Neural Network

(ANN) is implemented as the machine learning system, e.g., for Pattern Recognition (PR)

implementing Supervised Learning with Back-Propagation of Errors. For example, for

supervised learning, it is possible for a human to input a base rule to the machine learning

system, which then uses the input data from NEURON® to modify or build upon the rule. In

other example embodiments, other machine learning / statistical classification techniques can

be implemented. A non-exhaustive list of other example machine learning systems includes a

decision tree analysis system, an association rules system, a genetic algorithms system, and a

support vector machine (SVM) system.

[38] The machine learning system can provide, for example, any one of or any

combination of classification, clustering, function approximation, and/or prediction

applications, can provide static (feedforward) or dynamic (feedback) connection types, can

include a single layer, multilayer, recurrent, or self-organized topology, and can be

implemented with a supervised or unsupervised learning method. For example, scaled

conjugate gradient is one example supervised learning algorithm which can be implemented

for training an ANN used as the machine learning system, but other training algorithms can

be used. Various performance evaluation criteria can be alternatively used for a cost function

of the machine learning system, e.g., mean square error. Any suitably appropriate machine

learning can be used.

[39] At step 106, the machine learning system configures a VOA estimation model, which

can include, for example, a set of equations. The equations can, for example, manipulate

numbers in the form of any one or more of scalars, vectors, matrices, etc., for example as

weights and/or thresholds, etc.



[40] For example, the machine learning system, in response to initial data from

NEURON®, generates the model, and, in response to subsequent updated information from

NEURON®, modifies the previously generated model to fit the new data. For example,

subsequent to (or simultaneously with) the initial performance of step 106 by the machine

learning system, steps 101 and 102 can be re-performed on new data, e.g., new leadwire setup

or parameter data, and step 104 can be re-performed to provide the new data to the machine

learning system, which accordingly updates, to the extent necessary, the previously generated

VOA estimation model.

[41] The model generated and/or updated at step 106 is less computationally expensive

than NEURON®. For example, while NEURON® includes differential equations, the VOA

estimation model, in an example embodiment, includes only linear equations. Further, while

NEURON® analyzes the electric field over time and bases its activation determinations on

such analyses, the VOA estimation model does not use as input a plurality of sets of values of

the electric field, each set corresponding to a respective point in time (although time can still

be a an indirect factor, for example, with input of stimulation timing paramers). Additionally,

while NEURON® accepts a large amount of data as input parameters, the VOA estimation

model, in an example embodiment, accepts fewer input parameters. For example, the VOA

estimation model, in an example embodiment, is configured to receive as total electric field

input two values of different data types or two or more values of the same type at a plurality

of positions for each considered neural element. In yet another alternative example

embodiment, the VOA estimation model is configured to receive as the electric field data two

or more values for each of a plurality of data types, e.g., voltage values and AF values, at

each of a plurality of positions for each considered neural element. Additional input can

include certain stimulation settings, e.g., pulse width and/or current amplitude, for use to

measure against the activation thresholds at the various anatomical points surrounding the

leadwire. In an example embodiment, the VOA estimation model is configured to output a

VOA (or corresponding isosurface) based on the input. However, as described below in

connection with Fig. 2B, in an alternative example embodiment, the VOA estimation model

does not perform the steps of determining activation status of the anatomical points or

generating the visual VOA, but rather only determines the activation thresholds at the

anatomical points (or a given neural element). According to this alternative example

embodiment, the settings information used for measuring against the thresholds need not be

input to the VOA estimation model. According to still further alternative example



embodiments, although not shown in Fig. 2B, one or more of the settings, e.g., pulse width,

are also used as input to the VOA estimation model even for the embodiments in which the

VOA estimation model does not determine the activation status of anatomical points, where

the determinations of the thresholds are also dependent on one or more presently set settings

(but some of the settings, e.g., amplitude, would not be used).

[42] In an example embodiment, while a single test neural element is selected for plotting

at the relevant anatomical locations for the input to the VOA estimation model, a large

number of different test neural elements with a variety of AF profiles with a variety of AF

profiles along their lengths can be simulated in NEURON® to determine their activation

status. These different data sets, including the different test neural elements along with the

output of NEURON® can be provided to the machine learning system which generates the

VOA estimation model configured for assuming the plotting of a selected single test neural

element.

[43] At step 108, new stimulation set-up information, e.g., corresponding to a different set

up than those previously considered by NEURON®, but which may be, for example, of a

limited type for which the VOA estimation model is configured, is input into the VOA

estimation model. (Alternatively, both NEURON® and the VOA estimation model operate

on the same input data, but with less computationally expensive calculations being performed

by the VOA estimation model than by NEURON®.) For example, the input can be provided

to the machine learning system, which, in turn, inputs it into the VOA estimation model. At

step 110, the VOA estimation model outputs a VOA based on the input.

[44] At step 112, the input provided to the VOA estimation model is provided to

NEURON®. In an example embodiment, an expanded version of the input is provided to

NEURON®. For example, limited information as described above concerning the leadwire

set-up is provided to the VOA estimation model, and that information and additional

information, e.g., specifying the leadwire type, is provided to NEURON®. At step 114,

NEURON® outputs an estimated activated region based on the new input.

[45] At step 116, the machine learning system compares the VOA produced by the VOA

estimation model and the activated region produced by NEURON®. If they are the same, the

VOA estimation model can be considered complete, and the process can end (except that the

VOA estimation model can continue to be updated with continued performance of steps 100-

104). In an example embodiment, the process ends only if steps 108-1 16 are performed with



a predetermined number or percentage of comparisons indicating consistency between

NEURON® and the VOA estimation model. If the comparison indicates an inconsistency

between the output of NEURON® and the VOA estimation model for one or more, e.g., a

predetermined number or percentage of, leadwire set-ups, the method returns to step 106 for

the machine learning system to update the VOA estimation model based on the new

NEURON® data. For example, according to an example embodiment, the machine learning

system must receive a predetermined amount of NEURON® data from which to learn and

should demonstrate that it can mimic the NEURON® output.

[46] The generated VOA estimation model can then be used, for any arbitrary stimulation

settings on any arbitrary lead, to classify each of a plurality of anatomical positions as

activated or non-activated, e.g., based on AF values at a plurality of nodes along the test

neural element plotted at the respective anatomical position. For example, Fig. 2A is a data

flow diagram that shows the input of field data, e.g., AF values, and present stimulation

parameters to the VOA estimation model generated by the machine learning system. The

VOA estimation model is then configured to, based on the field data and present stimulation

settings, e.g., the current amplitude of the electrodes, determine for each of a plurality of

neural elements whether the respective neural element is activated. In an example

embodiment, the system is further configured to generate as the VOA a visual representation

of an area including a combination of the neural elements classified as having been activated.

In an alternative example embodiment, the field data input itself provides a sufficient basis

for the VOA estimation model to determine for each of the neural elements, whether the

neural element is activated. For example an AF profile along a neural element can be

indicative of the electrode power and its effect on the neural element, the AF profile thereby

being used to determine whether the neural element is activated.

[47] It is noted that what is considered to constitute the VOA estimation model generated

by the machine learning system can include more or less of the described modules. For

example, in an example embodiment, the module for generating the visual display can be

considered to be encompassed by the VOA estimation model itself. Similarly, as shown in

Fig. 2B, the VOA estimation model can be considered to include those modules that receive

as input only the field data and that outputs only the activation threshold at each considered

anatomical point (or that receive as input both the field data and a set of stimulation

parameters, but outputs only the activation at each considered anatomical point). A separate

module can then obtain the threshold information from the VOA estimation model and the



present stimulation parameters, output an activated / non-activated status for each anatomical

point based on the respective thresholds and the present stimulation parameters, and, based

on such output, produce the visual representation of the VOA. According to this example

embodiment, what is compared at step 116 can be the respectively produced collections of

NEURON® and the VOA estimation model of activation thresholds for the respective

anatomical points.

[48] As noted above, example embodiments provide that activation thresholds are

determined by the VOA estimation model on a neural element by neural element basis, and

therefore whether or not a particular anatomical point is classified as activated depends on

whether the present stimulation parameters meet the respective activation threshold

determined for the neural element plotted at the respective anatomical point.

[49] Fig. 3 illustrates a method for using the VOA estimation model generated according

to the method illustrated in Fig. 1. At step 300, the system selects a plurality of points in a

three dimensional space about an implanted leadwire. For example, the system can be

configured to select all points within a predetermined distance from the electrode. At step

302, the system plots a predetermined virtual neural element at each of the selected points.

For example, an axon can be used as the virtual neural element, and it can be plotted for each

of the selected points such that the axon passes through the respective point of interest.

(Alternatively, other neural elements can be used instead, as noted above. For example, the

neural element can be a cell body, dendrite, glial cell, or a cell body with attached processes.)

In the case of an axon, the axon can lie on a straight line, or can possess a curve along one,

two, or three dimensions. The path that the axon takes through space is referred to as its

trajectory. This trajectory can be determined by a set of rules (e.g., the trajectory is to be in

the form of a straight line parallel to a plane tangent to the leadwire at a point on the lead

surface which is closest to the point of interest), by universal data which is saved to the final

implemented product (e.g., exemplary camera lucida tracings) so that the trajectory is set in

the same way for all patients, or from patient-specific data (e.g., tractography determined by

DTI image processing) so that the trajectory is differently set for different patients. For

example, DTI MRI can include information that would allow models of fiber trajectories to

be generates, as is convention in academic analyses. In a further example embodiment, the

trajectories are similarly set for patients of a same defined patient category but different for

patients of different defined patient categories. The trajectories can be determined by rules,

imaging data, or a combination thereof.



[50] At step 304, the system maps field parameters to a point or multiple points along each

of the plotted neural elements. For example, in the case of use of an axon as the virtual

neural element, points are typically chosen at the centers of compartments which are

representative of anatomic elements of the fiber. As an example implementation, 2 1 points

located to correspond to 1 nodes of Ranvier may be chosen at which the field parameters are

identified. A non-exhaustive list of example field parameters to be identified at one or more

locations of the virtual neural element includes:

• scalar potential field;

• second central difference of the potential field (Activating Function (AF));

• electric tensor field or magnitude thereof;

• temperature; and

• current tensor field or magnitude thereof.

[51] At step 306, the system inputs the plotted neural element data and field data, e.g., as a

vector, to the VOA estimation model, which outputs VOA data as a visual representation of a

volume including the neural elements classified as activated, a collection of activation

classifications for the plurality of plotted neural elements, or a collection of activation

thresholds for the plurality of plotted neural elements. According to the latter two example

embodiments (in which the VOA estimation model does not itself generate the visual

representation), another module can process the output of the VOA estimation model to

generate the visual representation as the VOA.

[52] According to an alternative example embodiment, a generic model of plotted neural

elements at preset locations is used, so that steps 300 and 302 need not be repeated for each

use of the model. Instead, according to this alternative example embodiment, for determining

an activation threshold and/or an estimated volume of activation, current field parameters are

plotted at the plotted neural elements of the generic model.

[53] In an example embodiment of the present invention, the VOA estimation model can

essentially be a black box, in that a programmer need not define or even know the equations

forming the VOA estimation model. Instead, the machine learning produces as the VOA

estimation model a set of equations, which can vary over time as input to the machine

learning system is updated.

[54] In an example embodiment, the machine learning system steps can be performed at a

manufacturer of the program. Alternatively, the described learning steps can be performed



locally at a Clinician Programmer station operated by a clinician, so that it continuously

updates based on information provided by the clinician's use over time. The latter

embodiment can result in a scenario where different models are generated for different

clinicians based on the different input obtained over time at the different Clinician

Programmer stations for the respective machine learning operations.

[55] In an example embodiment of the present invention the machine learning is used to

generate a plurality of VOA estimation models, each corresponding to a respective category

of stimulation and/or leadwire arrangement parameters and/or patient anatomical structures.

Such VOA estimation models can be more accurate for generating the estimated VOAs for

particular corresponding settings or characteristics, than a single more general VOA

estimation model, for example, because the machine learning is more fine tuned to generate

sets of rules appropriate for respective kinds of data.

[56] For example, a separate VOA estimation model can be generated for each of a

plurality of pulse widths, pulse width ranges, and/or pulse width combinations (e.g., where a

stimulation program includes cycling through different pulse widths). For example, the

machine learning system can divide the data received from NEURON® into subsets

corresponding to the respective pulse width categories, and separately configure the

respective VOA estimation models at steps 106-116. Subsequently, for example, in response

to receipt of input, e.g., from a clinician, of stimulation parameters, the system selects one of

the previously generated VOA estimation models depending on the pulse width setting of the

received input. For example, the system selects the VOA estimation model corresponding to

the pulse width setting that matches that of the received input. In an example embodiment, if

none of the generated VOA estimation models correspond to a parameter (e.g., the pulse

width in the embodiment in which separate VOA estimation models are generated for

different pulse widths) that matches precisely with that of the input, the system selects the

that of the VOA estimation models which corresponds to a parameter that most closely,

compared to the parameters to which the others of the VOA estimation models correspond,

matches the relevant parameter of the received input. The selected VOA estimation model is

then used to ultimately output a visual representation of a VOA corresponding to the

parameters of the received input. It is noted that the parameters for which the visual

rendering is output need not be directly input by a user. For example, the stimulation

parameters can be suggested by the system itself, for example as discussed in the '330, '312,

'340, '343, and '314 applications.



[57] Additional or alternative criteria can be used as categories for which corresponding

VOA estimation models are generated. For example, a characteristic of the field data of the

data sets for which NEURON® generates the activated region information in step 102 can be

used to categorize the data, for which categories respective VOA estimation models are

generated. For example, in an example embodiment, the machine learning system separates

the data according AF profiles, such that a respective VOA estimation model is generated for

those data sets whose electric field data represents a cathodically shaped AF profile (positive

maximal excursion), those data sets whose electric field data represents an anodically shaped

AF field (negative maximal excursion), and those data sets whose electric field data

represents a mixed AF field (approximately equal maximal positive and negative excursions).

An advantage to categorizing by AF profile is that, while a human might intuitively recognize

characteristics of overall AF shape, the machine learning system analyzes the data as a

plurality of discrete values without necessarily recognizing the significance of certain overall

shapes in the analysis. The separation of the data by overall AF shape causes the machine

learning system to learn rules for a corresponding shape without being affected by behavior

associated with other shapes, whose behavior can differ on account of the different AF shape.

For example, in the case of cathodically shaped AF profiles, there is a mid-point peak value

that causes activation, while, in the case of anodically shaped AF profiles, two points

adjacent to such a mid-point value cause the activation.

[58] In an example embodiment of the present invention, prior to the machine learning

system processing of the data received from NEURON®, the system performs a pre

processing of the data, for example, to provide for some a consistency in a selected

characteristic between the input data. Such consistency can help the machine learning system

recognize rules. For example, in the case of a cathodically shaped AF profile, a peak point

causes activation, and therefore the peak point is a significant feature to be analyzed by the

machine learning system. Accordingly, in an example embodiment, prior to analysis by the

machine learning system for determining rules of the VOA estimation model, pre-processing

is performed on raw electric field data to shift the peak value to a predetermined location with

respect to its surrounding data, e.g., to be positioned at data position 1 of 10 or some other

predetermined position. Thus, in an example embodiment, the data from the neural element

is shifted in its vector formation (e.g., AF set to AFi) such that the expected location of some

relevant portion (e.g., peak) in the data is passed at a predetermined location within the input



vector. This scheme may be termed shift invariance, as it accounts for shift in the data along

the dimension of the input vector itself.

[59] Other preprocessing can include scaling the input data and/or performing a pattern-

matching of the data. Other preprocessing can also additionally or alternatively be

performed.

[60] Fig. 4 shows an example data flow beginning with input to the machine learning

system, continuing with generation of a VOA estimation model, and concluding with output

by the VOA estimation model of VOA information. Inputs 400 are provided to a machine

learning system 402. Example inputs include pulse width information, contact configuration

information, and NEURON® output for the corresponding pulse width and contact

configuration information. The machine learning system 402 can access a stored field data

table 404 to obtain voltage field data corresponding to the contact configuration information.

For example, the table 404 can include specifications of respective voltage fields for each of a

plurality of contact configurations. Based on the NEURON® output and the obtained voltage

field, the machine learning module generates the VOA estimation model 406. In an example

embodiment, the pulse width information is used to generate multiple VOA estimation

models 406 for respective pulse width categories. As described in detail above, the data can

be additionally or alternatively divided by other categories, e.g., AF profile. The machine

learning system 402 can perform preprocessing on the input 400 to determine the categorical

classification of the data, in order to perform separate analyses for each of the categories,

thereby yielding the different versions of the VOA estimation model 406. Other

preprocessing can also be performed as described in detail above. Once the VOA estimation

model 406 is generated, new stimulation parameters 408 can be input to the (appropriate

version of the) VOA estimation model 406, which outputs based on such input VOA

information 410, which can include activation thresholds of respective anatomical points,

activation statuses of respective anatomical points, and/or a visual VOA representation or

isosurface.

[61] In the illustrated example, the machine learning module 402 generates different VOA

estimation models 406 for different pulse widths. For example, a separate respective set of

weights, bias values, and ANN transfer functions can be defined for each categorized pulse

width.



[62] The contact configuration information used to select the appropriate electric field map

can identify a distribution of current on the contacts of the leadwire as well as the casing, e.g.,

in the form of raw delimited current values, for example, -2,0,1,0,0,0,0,0 , mA, where the

current on the casing is underlined, or as a fractionalized percentage, e.g.,

1,0,-0.5,0,0,0,0,0,05.

[63] In an example embodiment, the stored field data table 404 is a single table of voltages

due to unit current (+1) for each contact. For each active contact, the corresponding

normalized potential values are multiplied by the value of the current on the contact, and then

the sum is taken of the scaled potential values. For example, a respective potential field in

space can be stored for each contact at unit current. For any given point, the potential value

at that point is determined for each one of the contacts by multiplying the stored value by the

input current value given for that contact. All of the products for that given point are then

summed to produce the field potential value at that point.

[64] Fig. 5 is a graph that shows an example of input that can be provided to the machine

learning system on which basis the machine learning system generates the rules of the VOA

estimation model. The graph plots a plurality of AF profiles, each profile including a

plurality of AF values at respective ones of 19 nodes of Ranvier of an axon, where the blue

profiles correspond to those for which NEURON® had calculated an activated status for the

axon and the red profiles correspond to those for which NEURON® had calculated a non-

activated status for the axon. In an example embodiment of the present invention, based on

the input of the AF profiles and the corresponding NEURON® output, the machine learning

system generates the VOA estimation model, which, when presented with a new AF profile,

determines whether the axon to which the input AF profile corresponds is activated.

[65] In a test case, an ANN for pattern recognition and binary statistical classification was

used as a machine learning system to generate a VOA estimation model that was used to

classify 45,360 axons spaced on a regular grid with 0.1mm spatial resolution in the radial and

z directions. The ANN was trained to classify axons with cathodically shaped AF profiles

and correctly classified over 99% of the axons, with, by comparison to NEURON® output, a

total of only 114 misclassified axons across 48 contact configurations for an average of 2.375

misclassified axons per contact configuration. In view of the above-noted resolution, any

misclassification of axons on the boundary between activated and non-activated axons

represented a distance error of at most 0.1414mm. Of the 45,360 axons, the VOA estimation

model resulted in 35,517 (78.3%) true negatives (correctly determined non-activated



statuses), 9,729 (21.4%) true positives (correctly determined activated statuses), 47 (0.1%)

false negatives (incorrectly determined non-activated statuses), and 67 (0.1%) false positives

(incorrectly determined activated statuses).

The above description is intended to be illustrative, and not restrictive. Those skilled

in the art can appreciate from the foregoing description that the present invention may be

implemented in a variety of forms, and that the various embodiments may be implemented

alone or in combination. Therefore, while the embodiments of the present invention have

been described in connection with particular examples thereof, the true scope of the

embodiments and/or methods of the present invention should not be so limited since other

modifications will become apparent to the skilled practitioner upon a study of the drawings,

specification, and the following claims.



What is claimed is:

1. A computer-implemented method, comprising:

obtaining, by a computer processor, electric field data corresponding to settings of an

implanted leadwire that is adapted for stimulating anatomical tissue, the electric field data

including for each of a plurality of neural elements a respective plurality of electric values for

a same electric field parameter;

determining in a first determining step, by the processor and for each of the neural

elements, a respective activation status based on the respective plurality of electric values

associated with the respective neural element; and

the processor determining in a second determining step, and outputting an indication

of, an estimated activated tissue region corresponding to a combination of points surrounding

the leadwire corresponding to those of the neural elements for which an active status is

determined;

wherein the determining of the second determining step is performed by executing a

first module that at least one of:

does not base the determining of the second determining step on input of

different sets of values of an electric field at different points in time;

does not use more than one differential equation; and

is generated based on observed functioning of a second module that is more

computationally expensive than the first module.

2. The method of claim 1, wherein the first module is automatically generated by

execution of a machine learning module based on analysis by the machine learning module of

functioning of the second module.

3. The method of claim 2, wherein the machine learning module is an Artificial Neural

Network learning module.

4. The method of claim 1, wherein the neural elements are axons.

5. The method of claim 4, wherein the axons are all copies of a same model axon, each

plotted at a respective point surrounding the leadwire.

6. The method of claim 1, wherein the electric field parameter is a second difference

activating function.



7. The method of claim 6, further comprising:

selecting, by the processor, for each of the plurality of neural elements, and as the

respective plurality of electric values for the neural element, the second difference activating

function values located at predefined locations of the respective neural element.

8. The method of claim 7, wherein the predefined locations are nodes of Ranvier of the

respective neural element.

9. A computer-implemented method, comprising:

responsive to receipt of user input settings of an implanted leadwire that is adapted for

stimulating anatomical tissue:

determining in a first determining step, by a computer processor, electric field

data corresponding to the user input settings, the electric field data including for each

of a plurality of neural elements a respective plurality of electric values for a same

electric field parameter;

determining in a second determining step, by the processor and for each of the

neural elements, a respective activation status based on the respective plurality of

electric values associated with the respective neural element;

determining in a third determining step, by the processor, an estimated

activated tissue region corresponding to a combination of points surrounding the

leadwire corresponding to those of the neural elements for which an active status is

determined; and

generating and displaying, by the processor, a graphical representation of a

volume relative to at least one of a graphical representation of the leadwire and a

graphical representation of anatomical structures, the volume corresponding to, and

being based on, the estimated activated tissue region.



10. A computer system, comprising:

a computer processor configured to:

obtain electric field data corresponding to settings of an implanted leadwire

that is adapted for stimulating anatomical tissue, the electric field data including for

each of a plurality of neural elements a respective plurality of electric values for a

same electric field parameter;

determine, in a first determining step and for each of the neural elements, a

respective activation status based on the respective plurality of electric values

associated with the respective neural element; and

determine in a second determining step, and output an indication of, an

estimated activated tissue region corresponding to a combination of points

surrounding the leadwire corresponding to those of the neural elements for which an

active status is determined;

wherein the determination of the second determining step is performed by executing a

first module that at least one of:

does not base the determining of the second determining step on input of

different sets of values of an electric field at different points in time;

does not use more than one differential equation; and

is generated based on observed functioning of a second module that is more

computationally expensive than the first module.

11. The system of claim 10, wherein the first module is automatically generated by

execution of a machine learning module based on analysis by the machine learning module of

functioning of the second module.

12. The system of claim 11, wherein the machine learning module is an Artificial Neural

Network learning module.

13. The system of claim 10, wherein the neural elements are axons.

14. The system of claim 13, wherein the axons are all copies of a same model axon, each

plotted at a respective point surrounding the leadwire.

15. The system of claim 10, wherein the electric field parameter is a second difference

activating function.



16. The system of claim 15, wherein the processor is configured to select for each of the

plurality of neural elements, and as the respective plurality of electric values for the neural

element, the second difference activating function values located at predefined locations of

the respective neural element.

17. The system of claim 16, wherein the predefined locations are nodes of Ranvier of the

respective neural element.

18. A non-transitive computer-readable medium in which is stored instructions executable

by a processor, the instructions which, when executed by the processor, cause the processor

to perform a method, the method comprising:

obtaining electric field data corresponding to settings of an implanted leadwire that is

adapted for stimulating anatomical tissue, the electric field data including for each of a

plurality of neural elements a respective plurality of electric values for a same electric field

parameter;

determining, in a first determining step and for each of the neural elements, a

respective activation status based on the respective plurality of electric values associated with

the respective neural element; and

determining in a second determining step, and outputting an indication of, an

estimated activated tissue region corresponding to a combination of points surrounding the

leadwire corresponding to those of the neural elements for which an active status is

determined;

wherein the determining of the second determining step is performed by executing a

first module that at least one of:

does not base the determining of the second determining step on input of

different sets of values of an electric field at different points in time;

does not use more than one differential equation; and

is generated based on observed functioning of a second module that is more

computationally expensive than the first module.



19. A computer-implemented method, comprising:

obtaining, by a computer processor executing a machine learning module, output data

of a first module that determines an activation status for each of a plurality of neural elements

based on input characterizing stimulation settings of one or more implanted leadwires

adapted for stimulating anatomical tissue;

obtaining, by the processor executing the machine learning module, at least a portion

of the input processed by the first module to produce the obtained output;

analyzing, by the processor executing the machine learning module, the obtained

output and input data; and

based on the analysis, automatically generating, by the processor executing the

machine learning module, at least one second module that is less computationally expensive

than the first module and that determines an activation status for each of a plurality of neural

elements based on input that (a) is different than the obtained input and (b) characterizes

stimulation settings of one or more implanted leadwires adapted for stimulating anatomical

tissue.

20. The method of claim 19, wherein machine learning module is an Artificial Neural

Network (ANN) module.

2 1. The method of claim 20, wherein the ANN module implements pattern recognition

with back-propagation of errors.

22. The method of claim 19, wherein the machine learning module implements at least

one of decision tree analysis, association rules, genetic algorithms, and support vector

machines.

23. The method of claim 19, wherein the machine learning module implements

supervised learning based on user input rules.

24. The method of claim 19, wherein the obtained input includes for the each of the

plurality of neurons a respective activating function profile.

25. The method of claim 24, wherein the activating function profile includes a plurality of

values of second central different activating function, each of the values being at a respective

one of a plurality of predetermined positions of the respective neural element.



26. The method of claim 25, wherein the neural elements are axons and the plurality of

predetermined positions are nodes of Ranvier.

27. The method of claim 19, wherein each of the plurality of neural elements is one of an

axon, a dendrite, a cell body, and a glial cell.

28. The method of claim 19, wherein the obtained input includes at least one of a

potential field, an electric tensor field, and a current tensor field.

29. The method of claim 19, wherein the at least one second module includes a plurality

of second modules, each adapted for performing the determining of the activation status for

the each of the plurality of neural elements for a respective pulse width category.

30. The method of claim 19, wherein the at least one second module includes a first

version module for determining activation statuses for neural elements associated with

cathodically shaped activation function profiles, a second version module for determining

activation statuses for neural elements associated with anodically shaped activation profiles,

and a third version module for determining activation statuses for neural elements associated

with mixed anodic and cathodic AF profiles.

31. The method of claim 19, wherein input on which basis the at least one second module

is adapted to determine the activation statuses characterizes stimulation settings of one or

more non-cylindrically symmetrical implanted leadwires.

32. The method of claim 19, wherein the one or more implanted leadwires for which the

one or more second modules are adapted to determine activation statuses are different than

the one or more implanted leadwires for the output of the first module was provided.

33. The method of claim 19, further comprising:

providing, by the processor executing the machine learning module, a same input to

each of the first and second modules;

comparing, by the processor executing the machine learning module, to each other

respective output produced by each of the first and second modules in response to the same

input; and

responsive to determining that the compared output differ, modifying, by the

processor executing the machine learning module, the second module.



34. A computer system, comprising:

a computer processor configured to execute a machine learning module to:

obtain output data of a first module that determines an activation status for

each of a plurality of neural elements based on input characterizing stimulation

settings of one or more implanted leadwires adapted for stimulating anatomical tissue;

obtain at least a portion of the input processed by the first module to produce

the obtained output;

analyze the obtained output and input data; and

based on the analysis, automatically generate at least one second module that

is less computationally expensive than the first module and that determines an

activation status for each of a plurality of neural elements based on input that (a) is

different than the obtained input and (b) characterizes stimulation settings of one or

more implanted leadwires adapted for stimulating anatomical tissue.

35. The system of claim 34, wherein machine learning module is an Artificial Neural

Network (ANN) module.

36. The system of claim 35, wherein the ANN module implements pattern recognition

with back-propagation of errors.

37. The system of claim 34, wherein the machine learning module implements at least

one of decision tree analysis, association rules, genetic algorithms, and support vector

machines.

38. The system of claim 34, wherein the machine learning module implements supervised

learning based on user input rules.

39. The system of claim 34, wherein the obtained input includes for the each of the

plurality of neurons a respective activating function profile.

40. The system of claim 39, wherein the activating function profile includes a plurality of

values of second central different activating function, each of the values being at a respective

one of a plurality of predetermined positions of the respective neural element.

4 1. The system of claim 40, wherein the neural elements are axons and the plurality of

predetermined positions are nodes of Ranvier.



42. The system of claim 34, wherein each of the plurality of neural elements is one of an

axon, a dendrite, a cell body, and a glial cell.

43. The system of claim 34, wherein the obtained input includes at least one of a potential

field, an electric tensor field, and a current tensor field.

44. The system of claim 34, wherein the at least one second module includes a plurality of

second modules, each adapted for performing the determining of the activation status for the

each of the plurality of neural elements for a respective pulse width category.

45. The system of claim 34, wherein the at least one second module includes a first

version module for determining activation statuses for neural elements associated with

cathodically shaped activation function profiles, a second version module for determining

activation statuses for neural elements associated with anodically shaped activation profiles,

and a third version module for determining activation statuses for neural elements associated

with mixed anodic and cathodic AF profiles.

46. The system of claim 34, wherein input on which basis the at least one second module

is adapted to determine the activation statuses characterizes stimulation settings of one or

more non-cylindrically symmetrical implanted leadwires.

47. The system of claim 34, wherein the one or more implanted leadwires for which the

one or more second modules are adapted to determine activation statuses are different than

the one or more implanted leadwires for the output of the first module was provided.

48. The system of claim 34, wherein the processor executing the machine learning

module is further configured to:

provide a same input to each of the first and second modules;

compare to each other respective output produced by each of the first and second

modules in response to the same input; and

responsive to determining that the compared output differ, modify the second module.



49. A computer-implemented method, comprising:

obtaining, by a computer processor, electric field data corresponding to settings of an

implanted leadwire that is adapted for stimulating anatomical tissue, the electric field data

including for each of a plurality of neural elements a respective plurality of electric values for

a same electric field parameter; and

determining and outputting, by the processor and for each of the neural elements, a

respective activation threshold based on the respective plurality of electric values associated

with the respective neural element;

wherein the determining is performed by executing a first module that at least one of:

does not base the determining on input of different sets of values of an electric

field at different points in time;

does not use more than one differential equation; and

is generated based on observed functioning of a second module that is more

computationally expensive than the first module.

50. A computer-implemented method, comprising:

obtaining, by a computer processor executing a machine learning module, output data

of a first module that determines an activation threshold for each of a plurality of neural

elements based on input characterizing stimulation settings of one or more implanted

leadwires adapted for stimulating anatomical tissue;

obtaining, by the processor executing the machine learning module, at least a portion

of the input processed by the first module to produce the obtained output;

analyzing, by the processor executing the machine learning module, the obtained

output and input data; and

based on the analysis, automatically generating, by the processor executing the

machine learning module, at least one second module that is less computationally expensive

than the first module and that determines an activation threshold for each of a plurality of

neural elements based on input that (a) is different than the obtained input and (b)

characterizes stimulation settings of one or more implanted leadwires adapted for stimulating

anatomical tissue.
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