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Abstract
There has been a growing interest in the use of electrical stimulation as a therapy across diverse medical conditions. Most
electroceutical devices use simple waveforms, for example sinusoidal or rectangular biphasic pulses. Clinicians empirically
tune the waveform parameters (e.g. amplitude, frequency) without altering the fundamental shape of the stimulus. In this
article, we review computational strategies that have been used to optimize the shape of stimulus waveforms in order to
improve clinical outcomes, and we discuss potential directions for future exploration.
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1 Introduction

Electrical stimulation has been a therapeutic modality used
across a number of different medical disciplines to revert
pathological states back to normal healthy states. In car-
diology, electrical stimulation has been the mainstay for
defibrillators, cardioverters and pacemakers (Lown 1967;
Kouwenhoven 1969). Psychiatry turns to electroconvulsive
therapies and deep brain stimulation for refractory depres-
sion, mania and other psychiatric conditions (Jimenez et al.
2005; Dettling and Lisanby 2008; Lozano et al. 2008). Neu-
rologists use electrical currents in deep brain stimulators and
vagus nerve stimulators to treat Parkinsonian tremors and
epilepsy (Boon et al. 2007; Sun et al. 2008), while spinal cord
stimulators have shown benefits to patients suffering from
chronic back pain (Oakley and Prager 2002; Cameron 2004).
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Physiatrists apply electrical stimulation to muscles prevent-
ing atrophy in immobilized patients with musculoskeletal or
neurological injuries. More recently, electrically stimulating
the vagus nerve has shown reduction to pathological levels of
inflammation in animal models and proof-of-concept human
studies regarding rheumatoid arthritis and other autoimmune
or inflammatory disorders (van Maanen et al. 2009; Mereg-
nani et al. 2011; Bonaz and Bernstein 2013). In all of these
different applications, targeted electrical stimulation is used
to cause a physiological state change from pathological to
healthy states.

As with all therapies, one of the major challenges in the
use of electrical stimulation is determining the appropriate
stimulus strength, or dosing protocol. In some of the earliest
recorded instances of electrical stimulation as a therapy, live
electric rays were the source of electrical shocks given to
patients (Stillings 1974; Kane and Taub 1975). Practitioners
were only capable of controlling the duration of the stimulus.
After the invention of electrostatic generators in the seven-
teenth century, practitioners were capable of controlling the
strength, duration and frequency of the stimulus. In this con-
text, our concept of dosages match that of the pharmaceutical
industry, where we can only control the strength and timing
of the therapy. One could represent the stimulus as a rectan-
gular pulse given at predetermined instances.

While most studies focus on the optimization of elec-
troceutical dosing protocols with regard to the strength,
duration, timing and frequency of simple waveforms, for
example, sinusoidal or rectangular (Kuncel and Grill 2004;
Wilson and Moehlis 2016; Cassar et al. 2017), less work
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has been done with regard to discovering optimized wave-
form shapes. Today with digital technology, completely
customized stimuli can be generated giving us unprece-
dented ability to rapidly adjust and tune them in terms of
not only their strength, duration and frequency, but also their
fundamental shape, optimizing performance both biologi-
cally and electrically. As with pharmacological stimulation,
weak stimulation fails to elicit the desired health outcome,
while excessive stimulation can cause damage to tissue struc-
ture and secondary adverse effects (Merrill et al. 2005;
Benabid et al. 2009). The protocols with regard to pharma-
cological dosages are built upon the pharmacokinetics and
pharmacodynamics of the particular compound that is used.
Unfortunately, such equivalents are not readily availablewith
electroceuticals. While there have been studies examining
the ionic mechanisms and dynamics of individual neurons
(Hodgkin and Huxley 1952; Izhikevich 2003), we are still in
the dark as to what are the optimal stimulus characteristics
necessary to achieve specific health outcomes in complex
network systems.

To be clear, defining optimality itself is specific to the
nature of the problem. For electrical stimulation of tissue,
clinicians may need to choose whether to optimize peak
energy versus total energy consumption in order to mini-
mize tissue damage, propagation of energy to neighboring
regions, ormaximize battery life in implantable devices. Oth-
ers may instead seek to minimize the time to effect of the
stimulus, willing to forego energy optimization in order to
maximize how quickly the shock will effect a change in the
patient (Moehlis et al. 2006; Nabi and Moehlis 2012). Still
others may be interested in the power consumption required
from the stimulus on the electrical circuitry (Wongsarnpi-
goon andGrill 2010). Sengupta andStemmler (2014) provide
an interesting and in-depth review of the relevance of energy
efficiency in biological systems both from the perspective
of stimulation as well as system design that examines the
importance of optimizing around system responses and not
just stimuli characteristics. For the purposes of this article,
we highlight various approaches that have been and are being
used to find optimal stimulus waveforms. Most of the algo-
rithms and discussions are centered on energy efficiency
optimization for the purposes of simplicity, but the techniques
discussed can be easily adapted to other optimization objec-
tives.

2 Mathematical framework

Mathematically, one can set up this problem as follows.
Given a nonlinear set of equations representing a biologi-
cal system:

ẋ = f [x(t), u(t)] (1)

Fig. 1 Visualization of solution space in 3D (left) and topologically
(right). Each point in the x–y plane represents a unique solution. The
z axis represents how well the stimulus has performed as measured by
the electrical properties of the stimulus and/or the system’s response.
We convert the 3D space to a topological plot for easier analysis in sub-
sequent figures. The orange dot represents the global optimal solution

where x(t) describes an m-dimensional system and u(t)
describes an n-dimensional external stimulus to the system,
we seek an optimal stimulus, u(t), that minimizes the scalar
performance index, J , such that:

J =
∫

L[x(t), u(t), t] dt + penalty (2)

where L[x(t), u(t), t] is a performance metric, and the
penalty term penalizes the performance index if the system
fails to achieve a desired state transition. For much of the
work done in electrical stimulation, the performance index
is often structured around energetics, seeking to minimize
the stimulus’ energy, or mathematically, the L2-norm of the
stimulus:

L[x(t), u(t), t] = u2. (3)

As an example, one may want to find the optimal stimulus
waveform that causes a quiescent neuron to fire an action
potential using the least amount of energy. In this example,
a desired state transition may be defined such that:

x1(0 ≤ t ≤ 50ms) ≥ 15mV, (4)

where we are searching for the optimal stimulus that causes
the voltage membrane potential of the neuron to cross a
threshold (15mV) by 50ms after the start of the stimulus,
penalizing the performance metric if this condition fails.
Here, the penalty term would be binary: zero if the con-
dition is met and an extremely large value if the condition is
not met. The penalty value is often chosen to be much larger
than what the performance metric would normally be such
that it essentially rules out any stimulus that fails to achieve
the desired state transition.

Because we are working with digital technology, one can
represent the stimulus, u(t) as a vector of discrete intensi-
ties over time, u[N ], where N represents a discretized time
point. Each of these discrete intensities could be viewed as a
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unique dimension in a multidimensional space. Thus, a 30-
ms stimulus sampled at a 0.1-ms resolution would result in a
300-dimensional space. Figure 1 graphically represents this
space using a 2-dimensional reduction of the stimulus space.

3 Systematic search

The bulk of the work done in optimizing electrical stimula-
tion is through systematic experimentation.Because there are
an infinite number of waveforms, researchers limit the search
space to a predetermined shape, optimizing specific parame-
ters (e.g. duration, amplitude) associated with that shape. For
instance, a sinusoidal waveform may be assumed, following
the mathematical notation:

u(t) = A sin(Bt) (5)

where A represents the amplitude of the stimulus waveform
and B represents the frequency. These parameters are then
systematically explored for optimality.

For more than a century and a half, practitioners of electri-
cal stimulation often use this systematic approach to finding
optimal protocols in a variety of fields. Garratt (1858) was
one of the first to use electrotherapy to provide dental anal-
gesia in his Boston practice. At that time, he was able to vary
only the intensity of the current, and he remarked after per-
forming a number of studies, that in cases of low intensity,
slight pain was felt due to the stimulus itself, while at higher
levels of intensity, a painless sensation was reported. We can
imagine that a standard shape of the stimulus was used here,
and Garratt systematically tried a number of intensities for
his patients.

This is still one of the more prevalent methods that most
clinicians use today. For example, deep brain stimulators
used to control symptoms of Parkinsonism generate a fun-
damental waveform, usually a rectangular biphasic fixed
frequency pulse train. Clinicians adjust only a few specific
parameters to optimize outcomes, empirically guided by the
patient’s response to stimulation.

One of the first pushes away from the mold of using
standard pulses was in the field of defibrillation. In the
mid-twentieth century, there was a lot of interest in using
electrical stimulation to treat cardiac disorders (Gurvich and
Yuniev 1947; Lown et al. 1962).While sinusoidal waveforms
were themainstay initially through alternating current, direct
current became more popular over time as the waveforms
themselves could be modified and adjusted to improve ther-
apeutic results. Lown and his colleagues constructed many
different analog circuits, generating a number of different
waveforms in order to optimize the success rate of cardiover-
sion (Lown 1967; Kouwenhoven 1969). Similar studies have
been carried out more recently in controlling arrhythmias in

Fig. 2 While systematically search through the entire solution space
(left) results in a more optimal solution, it requires evaluation of an
exponentially larger number of solutions as compared to systematically
searching through a restricted search space (right). The rectangular box
in the right panel represents the restricted search space constructed by
assuming a fundamental waveform shape

the heart using both computational models as well as animal
models (Luther et al. 2011; Li et al. 2009). In neurostimula-
tion, Foutz and McIntyre (2010) have studied the effects of
a few different fundamental waveforms (rectangular, expo-
nential, triangular, Gaussian and sinusoidal pulse shapes),
tuning the parameters of these fundamental waveforms and
comparing their energy consumption and efficacy.

Because there is an infinite number of possible waveform
shapes, the restriction to a predetermined shape simplifies the
problem making the number of possibilities more manage-
able, but it also precludes finding the global optimal solution.
Figure 2 demonstrates this idea by illustrating first the sys-
tematic search through the entire solution space, and then
the systematic search only through a restricted portion of the
space. When the system is restricted to a small portion of
the complete solution space, it biases the solution, at times
toward a completely different result.

4 Analytical approaches to solving
computational models

In order to address this problem, researchers have sought
to define some of these problems as a set of mathematical
equations that can be solved. Computational models have
been useful surrogates for biological systems in that they pro-
vide a basis for mathematical analysis. Grill (2015) reviews
the benefits of using computational models in the design
of efficient neural stimulation waveforms, while Fishler
(2000) demonstrates their usefulness in predicting theoreti-
cal optimal waveforms for cardiac defibrillation later verified
through experimentation (Malkin et al. 2006).

Analytical methods for finding optimal control fall into
roughly two categories: indirect methods and directmethods.
The indirect methods construct a set of necessary require-
ments for the optimal solution using calculus of variations
(Gelfand et al. 2000) or Pontryagin’s Maximum Principle
(Pontryagin et al. 1962) while the direct methods use only
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Fig. 3 Calculus of variations finds optimality by defining additional
constraints that define where optimality occurs. The lines represent
constraints defined by the Lagrange multipliers as determined using
the results from calculating Pu , Px , and Pλ

the system of equations themselves and attempt to find opti-
mal solutions using an iterative descent approach (Bryson
and Ho 1975; Golfetto and Silva 2012). Both the indirect
method as well as the direct method have been used in find-
ing optimal waveforms, and we discuss them in greater detail
below.

In calculus of variations, the performance metric is
expanded by including the system equations as constraints.
Thus, instead of our optimization to be solely around (3), we
are now optimizing around

P = L[x(t), u(t), t] + λ (ẋ − f [x(t), u(t)]) (6)

where λ represents a Lagrange multiplier, L represents the
original performance metric (e.g. L2-norm), and P repre-
sents our new expanded performance metric. Now with this
expression, Euler equations can be applied:

Pu = dPu′

dt
, Px = dPx ′

dt
, Pλ = dPλ′

dt
(7)

to generate the constraints for the optimal solution. These
equations are the foundation of the indirect method as they
now form a new system of equations that defines the optimal
stimulus as seen in Fig. 3.

Offner (1946) was one of the first to optimize neural stim-
ulation using calculus of variations. He began with the idea
that the optimal waveform was one which stimulated the
cell with the least amount of injury, which he proposed was
proportional to heat generated. To simplify his initial set of
equations, he assumed that only brief currents were used,
and thus accommodation or inhibition was not essential to
describing the system. Using these assumptions, he applied
calculus of variations to the system equations, determining
that the optimal waveform to excite the tissue with the least
amount of injury was a rising exponential. From an engineer-
ing perspective at the time of his work, Offner acknowledged
that exponentially rising current was technically challeng-
ing, and thus he analyzed square waves, exponentially falling

currents, and sine waves, technically simpler designs, deter-
mining the energy-optimal requirements for each waveform.

Since then, our understanding of the various biological
systems has continued to advance, which has furthered our
ability to develop mathematical models of their mechanisms
and processes. Advances in recording and stimulating elec-
trode technology has also provided the basis for implement-
ing electroceutical therapies. Hodgkin and Huxley (1952)
studied the ionic channels in a squid giant axon, formu-
lating the standard model of axonal nerve conduction. As
technology advanced, computational modeling has been able
to construct more accurate and more realistic systems of
equations that better model ionic mechanisms underlying
neuronal excitation.

Unfortunately, as these computational models became
more accurate, they also became more complex, and as such
they no longer retained the simplicity that Offner benefited
fromwhenhederived the closed form for optimalwaveforms.
Recently, Forger et al. (2011) applied the Euler–Lagrange
equations to the Hodgkin–Huxley model. They chose a set of
terminal conditions for the state variables after a rectangular
pulse was given. With these equations and terminal condi-
tions, they obtained a numerical approximation of a special
case of optimal excitation of the neuron. Clay et al. (2012)
later showed that the specific shape of the optimal waveform
was directly related to the mechanisms of the ionic channels
in the Hodgkin–Huxley model.

The indirect method derives a set of first-order constraints
by which the optimal stimulus needs to follow. Forger et al.
recognized that a closed-form solution could not be derived
for the four-dimensional Hodgkin–Huxley model. Thus,
numerical analysis techniques like the shooting method or
another boundary value problem (BVP) solver were required
to approximate a solution from the set of equations. If
found, the solution can be verified quickly against constraints
derived through calculus of variations. The difficulty with
the indirect methods is that the region of convergence is
extremely small, especially with the addition of the Lagrange
multipliers. Practically, it becomes more likely than not for
a BVP solver to diverge away from the optimal solution.
Developing the initial guess for the BVP solver becomes an
extremely important, but difficult problem to solve.

The direct method does not create a surrogate system of
equations, but instead marches iteratively toward optimality
as seen in Fig. 4 (Kelley 1962; Bryson and Ho 1975). The
algorithm begins with an estimate of the stimulus variable,
u(t). Using this estimate and the system’s response to it, it
calculates two influence functions:

ṗT = −∂L

∂x
− pT

∂ f

∂x
, (8)

Ṙ = −
(

∂ f

∂x

)T

R. (9)
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In these calculations, p(t) represents the effect that changes
to the stimulus have on the performance index, while R(t)
represents the effect that changes to the stimulus have on the
error in terminal conditions. These two influence functions
describe how changes in the stimulus affect the performance
index and the distance from the expected terminal conditions.
From here, a multiplier is determined that weighs the effect
of both influence functions:

v = −Q−1[δx(t f ) + g] (10)

where

Q = k
∫

RT ∂ f

∂u

(
∂ f

∂x

)T

R dt, (11)

g = k
∫

RT ∂ f

∂u

{(
∂ f

∂u

)T

p +
(

∂L

∂u

)T
}

dt, (12)

δx(t f ) = ε[x(t f ) − x f ]. (13)

Thismultiplier is then used to calculate an improved estimate
of the stimulus:

δu = −k

{(
∂ f

∂x

)T

[p + vR] +
(

∂L

∂u

)T}
, (14)

Because it is an iterative approach, it allows for a greater
degree of flexibility in the initial seed compared to the indi-
rect method. Chang and Paydarfar (2014) demonstrated the
robustness of this algorithm to randomly generated initial
seeds. The limitations of the direct method is that it is ulti-
mately an approximation of the optimal solution. For their
work, a first-order gradient system was used, which allowed
for the increased robustness in the early stages. Unfortu-
nately, this method can have difficulty converging when it
gets close to the optimal solution due to the first-order gra-
dients. Furthermore, there is no guarantee that the solution
found using the direct method is indeed the optimal solution.
As can be seen from Fig. 4, these methods are susceptible
to getting stuck in locally optimal solutions. This can be
mitigated by starting from multiple different starting points.
Lastly, unlike the indirect method, there is no set of equations
defining optimality that can validate the results. For a more
in-depth review on direct and indirect methods, we refer the
reader to Stryk and Bulirsch (1992) and Rao (2009).

With either direct or indirect methods, these approaches
become difficult to manage when dealing with complex
mathematical models. As more information becomes avail-
able regarding the biological systems in question, they are
often incorporated as equations into themathematical model,
increasing its analytical complexity. One approach to study-
ing these complex systems has been through dimensional
reduction of themodels tomoremanageable systems of equa-
tions.While the study of this process falls out of this review’s

Fig. 4 Gradient-based algorithms derive first-order gradients given the
system of equations, and iteratively converge toward locally (right) or
globally (left) optimal solutions. As can be seen, depending on the
starting solution, the algorithm may converge toward a locally optimal
solution using gradient-based algorithms

domain, we refer the reader to Indic et al. (2006) and Forger
(2017)). An example of this process as applied to optimal
stimulus waveforms can be found in Wilson and Moehlis
(2014), where they used calculus of variations on a phase
reduced neuron model in order to simplify the mathemati-
cal model into something more manageable. As seen in this
study, dimensional reduction can help simplify some com-
plex mathematical models into simpler systems that can be
solved more easily using analytical means.

5 Model-independent approaches to finding
optimal solutions

An alternative approach to dealing with these increasingly
complex systems has been through the use of model-
independent approaches of finding optimality. One of the
interesting techniques recently developed has been the use of
phase resetting curves to calculate the energy-optimal DBS
stimulus necessary to desynchronize a population of neurons.
Wilson and Moehlis (2014) derive a method using calcu-
lus of variations that requires only knowledge of a neuron’s
phase resetting curve. Once that phase resetting curve is cap-
tured, which can be done experimentally, optimal control can
be calculated for desynchronizing a population of neurons.
This particular method does well with balancing the use of
analytical techniques with some experimental exploration to
determine the phase response curves of the neurons.

In most situations however, the phase resetting curve is
not easily obtained. Stochastic search approaches have been
used in other fields as a means to find solutions in black
box systems, using just the inputs and outputs of the system
to gain insight into where optimality should be. For good
reviews of stochastic search approaches and othermethods to
solve high-dimensional, black box systems see Spall (2003)
and Shan and Wang (2010).

123



196 Biological Cybernetics (2019) 113:191–199

Forger and Paydarfar (2004)) examined the possibility of
using spike-triggered averaging as a noise-driven search pro-
cess, comparing it to the results of calculus of variations
(Paydarfar et al. 2006). From their studies, the results are
extremely close, showing the potential for spike-triggered
averaging to approximate the optimal solution. Further stud-
ies showed that spike-triggered averaging did indeed come
close, but depending on the characteristics of the noise and
the solution space (e.g. multiple local extrema), the spike-
triggered averaging may be biased away from the optimal
solution (Chang and Paydarfar 2015).

Wongsarnpigoon and Grill (2010) tackled this prob-
lem using genetic algorithms, one of the more common
approaches in stochastic search algorithms. Genetic algo-
rithms mimic the biological process of evolution by treating
solutions as chromosomes, allowing solutions to learn from
each other by “breeding together.” Each stimulus is consid-
ered a chromosome and the stimulus intensity at each time
point represents a single gene. In their study, the genetic algo-
rithm was applied to a population of 100 parallel McIntyre,
Richardson, and Grill (MRG) axons distributed uniformly
within a cylinder. The stimulation was modeled to be deliv-
ered through a point current source within the center of the
cylinder. They determined the optimizedwaveformgiven dif-
ferent pulse widths, and showed that the optimal solution had
aGaussian-like structure. To confirm their work, they applied
the optimized waveform to the sciatic nerve of an adult male
cat, showing that the stimulus waveform did indeed success-
fully trigger an action potential, while also outperforming
rectangular and decaying exponential waveforms. This study
showed the power of using stochastic search algorithms to
finding optimized waveforms. While the search was done in
a computational model, they were able to validate the results
in an animal model. One of the interesting discussion points
made in their study was that the optimized waveform was
slightly different depending on the model used. The MRG
model of the neuron used stands in contrast to the simpler
Hodgkin–Huxley model in that it accounts for paranodal
sections as well as more ion channel dynamics. The differ-
ences in the model used led to the unique optimal waveforms
found.

When considering the patient population, each patient’s
pathophysiology or underlying cause for their disease may
indeed be slightly different from the next patient who may
have the same disease, but whose underlying states (e.g. their
neuronalwiring)may be slightly different.What is optimized
for one patient, may not necessarily be optimized for another
patient. Thus, the challenge becomes not just whether we can
find an optimal solution, but can we find an optimal solution
for the specific patient in front of us. Wongsarnpigoon and
Grill’s work showed that using a genetic algorithm, one did
not have to understand the underlying system in order to
develop an optimal waveform.

One of the main advantages of genetic algorithms is
their ability to search across large solution spaces, not get-
ting caught in locally optimal solutions, through the use of
crossover. This process treats each individual gene as an inde-
pendent entity. In biology, this assumption is often not correct
as biological stimuli are more often smooth and not sharp
and jagged. Stochastic hill-climbing is a more rudimentary
approach that is often more efficient than genetic algorithms,
but does carry the risk of getting caught in locally optimal
solutions. Systematic studies and comparisons have been
made between these two approaches in computer science
(Mitchell et al. 1994; Ross and Corne 1995; Prugel-Bennett
2004).

This challengewas recently studied using a stochastic hill-
climbing approach (Chang and Paydarfar 2018), mitigating
the problem of getting caught in locally optimal solutions
by running multiple instances of the algorithm from many
different randomly generated starting seeds. Stochastic hill-
climbing starts with a randomly generated stimulus, searches
a few of the neighboring stimuli, picks the best one and uses
that as the starting point for the next iteration of search. It
continues to do this over and over again, always choosing the
best seen stimulus as the starting point for the next iteration.
The results and a sample of the intermediate iterations can
be seen in Fig. 5.

One of the biggest challenges using this method, and per-
haps the cause of the large number of stimuli required for
testing in stochastic search approaches in general, is the
“curse of dimensionality”, which states that as the number
of dimensions increases linearly, the search space increases
exponentially (Bellman 1961). When searching for optimal
stimuli, the stimulus intensity at each time point becomes a
unique dimension. A 30-ms stimulus sampled at a 0.1-ms
resolution, becomes a 300-dimension problem. The use of
extrema as key features points was proposed to reduce the
dimensionality of the stimulus. In searching for neighboring
stimuli, only the extrema of the starting stimulus was per-
turbed and the intermediate points were linearly transformed,
reducing the dimensionality of the search space from the
number of discrete time points in the stimulus to the number
of extrema in the stimulus. This method was able to match
closely with results generated from gradient approaches.

Furthermore, oneof the interesting aspect of this algorithm
is that it iteratively learns and seeks more optimal solutions,
adapting to the plasticity inherent in biological systems. By
using the best seen stimulus as the starting seed for each
iteration, it retains some, but not complete, knowledge about
previously explored stimuli. This adaptability is important as
biological systems are known to adapt to a repeated stimulus
over time. For instance, if a spinal cord stimulator is giving
the exact same stimulus over and over again, the body may
adapt to that particular stimulus, decreasing its efficacy over
time. Algorithms that are constantly learning and adapting
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Fig. 5 Evolution of the stimulus waveform using an extrema featured
stochastic hill-climbing approach. Adapted from Chang and Paydarfar
(2018) with permission

may well be able to change and find new waveforms so that
the efficacy remains high in these patients. Some stochas-
tic search approaches utilize the results from all previously
explored stimuli to construct a probabilistic map of the solu-
tion space (Shahriari et al. 2015) as opposed to retaining just
the best stimulus between iterations in order to gain insights
into how to converge more quickly. While these approaches
do allow for more efficient convergences, they are unable
to adapt if the biological system in question undergoes a
major change as it relies on data collected under a different
paradigm.

6 Discussion

We have reviewed a number of different ways researchers
are tackling the problem of finding optimal stimulus wave-
forms for electrical stimulation as a medical therapy. Much
work has been done using systematic approaches, but cre-
ative approaches are being leveraged to try and break the
mold, finding waveforms tailored to the patient’s needs and
requirements. The ultimate goal is to one day have these pro-
tocols built into the electroceutical system itself, such that
the device would find optimal stimulus waveforms, adapting
constantly to the patient’s responses.

There are a few different means to approach this prob-
lem. First, better computational models can enlighten our
ability to monitor and predict patient’s responses to stimuli.
Many researchers are looking to develop these new mod-
els, in cardiology [examining cardioversion or defibrillation
(Fain et al. 1989; Fishler 2000; Kodoth et al. 2011)], pul-
monology [stimulating respiratory rhythms in patients with
apnea (Bloch-Salisbury et al. 2009)], neurology (understand-
ing neuronal connections and information transfer in the
brain), and pharmacology [studying optimal dosing patterns
for drug treatments (Tzafriri et al. 2005; Wong et al. 2008)]
among others. With advances in electrode technology and
devices, we are able to capture larger amounts of biological
data than ever before, at higher resolutions, leading to more
accurate computational models.With the exponential growth
of processing power, these computational models may lead
the way in developing more optimal waveforms to test on in
vitro and in vivo systems in the future. Furthermore, mod-
eling these systems may no longer be restricted to just the
biological tissue in question, but potentially the entire sys-
tem including the electrical interfaces. This inclusion may
address some of the issues that Offner and others noted in
that even if the stimulus itself is determined to be ener-
getically optimal, the energy requirements to generate that
stimulus may overwhelm the energy savings of the stimulus
itself (Offner 1946; Foutz and McIntyre 2010).

Certain problems however, may be too complex or
too large to model accurately, and thus stochastic search
approaches may be more useful. Although they have been
shown to find optimal stimulus waveforms, these approaches
can be improved further to increase their efficiency. First,
most of these algorithms inject randomness into the stim-
ulus waveform to search for more optimal solutions. Very
little information is passed on from one iteration to the next.
The inclusion of some sort of memory may help these algo-
rithms avoid testing and re-testing solutions from the same
area. For instance, in the extrema featured stochastic search
approach, only the best solution is passed on from one itera-
tion to the next. Every failed stimulus is ignored and removed.
As stated previously, this process is beneficial for the algo-
rithm regarding adaptability, but one could assume that there
is an ideal medium between adaptability and efficiency that
could be studied in greater depth. Using Bayesian analysis,
one may be able to develop a decaying uncertainty bound-
ary around the stimulus space such that regions of the space
that have failed in the recent past may be sampled from less
than regions that have had greater successes. Some of this
work has already been explored in drug combinations stud-
ies (Park and Pillow 2012; Park et al. 2013), but they often
explore spaces with a smaller number of dimensions. Future
work in Bayesian active learning or a related field may open
up approaches that leverage statistical learning so that every
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stimulus, whether failed or successful, will be useful in find-
ing optimal waveforms.

Another aspect of stochastic searches that needs to be
addressed in future studies is its efficacy under noisy con-
ditions. Because information gained from each stimulus is
assumed to be true in all subsequent iterations, there is an
assumption that the biological system is the same from one
test stimulus to the next. This is rarely the case in biology.
Future research may develop new algorithms that can find
optimal stimuluswaveforms in spite of stochastic conditions.
In fact, some of the latest work in reinforcement learningmay
provide some insight into how to reframe the question. Cur-
rent algorithms seek to find an optimal stimulus waveform to
take a patient from a state A to state B. Reinforcement learn-
ing algorithms would develop rules, or “policies”, that pair
a patient’s given state with a stimulus, or an “action”, which
leads to a more optimal state (Barto and Sutton 2017). These
methods have had great success recently in problems like the
game Go, in which a complete solution is not tractable, but
optimized actions can be determined for various states of the
board (Silver et al. 2016, 2017). One could learn policies
that gave smaller bursts of customized stimuli based on the
“state” the patient was in. These methods described so far
only touch upon a few of the potentially relevant algorithms
and techniques that are being used in the broader context
of optimization. As the field of electroceuticals continues to
advance in electrode technology and neurological mapping,
these methods both past and future may open new doors and
treatments focused on intelligent and effective waveforms.
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