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Low-intensity focused ultrasound (LIFU) neuromodulation requires precise targeting and high
resolution enabled by phased array transducers and beamforming. However, focusing optimization
usually relies on phantom measurements or simulations with inaccurate acoustic properties to degrade
neuromodulation resolution. Therefore, this work analyzes the sensitivity of neuromodulation
resolution, measured by off-target activation area (OTAA), to brain tissue sound speed. A Robust
Optimal Resolution (ROR) beamforming method is proposed to minimize the worst-case OTAA with
restricted sound speed inaccuracy and propagation information estimated with deviated sound
speed. The propagation estimation model utilizes equivalent source method (ESM) to map sound
field between different acoustic parameter sets. Simulation in a human head model validates the
effectiveness of the proposed propagation estimation model, and shows that ROR beamforming
method can significantly reduce the worst-case OTAA compared to benchmark methods by 78.0%
on average and up to 90.0%, improving the robustness of stimulation and addressing the sensitivity
issue. This allows reliable high-resolution neuromodulation in potential clinical applications with
reduced invasive acquisition of propagation measurements for focusing optimization.

As a novel technology, low-intensity focused ultrasound (LIFU) neuromodulation has the potential to be applied
to treating neuropsychiatric disorders in the future'. As is demonstrated in previous research, the responses of
neural circuits to ultrasonic waves significantly depend on the accuracy of targeting during LIFU stimulation®>.
Therefore, a high neuromodulation resolution is expected for future LIFU applications to limit the unintended
neuromodulation side effect while ensuring successful neuron activation in the target brain region. Such required
neuromodulation resolution can be measured by the Off-Target Activation Area (OTAA) metric as is defined in
the literature®’, and is achievable with ultrasound focusing solutions.

Ultrasound focusing design and performance has been shown to strongly depend on tissue acoustic properties.
Accurate focusing requires the waves from the transducer to be phase-aligned at the target location, and a
corresponding transducer design is determined by the acoustic propagation in tissues. However, the propagation
is usually hard to measure in vivo due to the high invasiveness®. Instead, many investigators can only design
focusing methods and validate the ultrasound focusing performance via independent phantom experiments or
simulations”~!!. As a result, the actual focusing resolution relies on the accuracy of computational or phantom
model used for design or validation. A degradation of neuromodulation resolution is expected when inaccuracy
exists, e.g., inaccurate tissue acoustic parameters used for simulations!2. Unfortunately, these parameters for
brain tissues can also be hard to accurately acquire in vivo, allowing such degradations in real-world applications.

Given potentially random error in the tissue acoustic parameters used in computational or phantom
model, the dependence of transcranial ultrasound focusing performance (especially in the worst case) on such
inaccuracy, i.e., sensitivity, is a very important metric to evaluate the robustness and reliability of ultrasound
neuromodulation. Literature'>~'* has shown via simulated transcranial stimulations that the ultrasound focusing
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performance, like the peak pressure and the focus location, can be sensitive to the variance of the skull acoustic
properties (e.g., sound speed, attenuation, etc.). Although it has generally been acknowledged that the acoustic
properties of the cranial bones can affect ultrasound focusing, there is no consensus on whether it is also affected
by the acoustic properties of brain tissues (such as grey and white matter). Some optimistic results'> show
that the acoustic properties of brain tissues have small influences on the focusing performance in transcranial
stimulation setup. However, opposing conclusions have been drawn in some other works'>, in which a simplified
layered tissue model has been investigated and shown that the focal area can be substantially influenced by the
change of brain tissue sound speed. Besides, the sensitivity of focusing performance to brain tissue acoustic
properties can also be more significant for an intracranially embedded transducer'® due to a reduction of skull
attenuation, which is a promising solution for real-time treatment but has not been well investigated yet.

Previous sensitivity analyses are primarily focused on the ultrasound beam profiles, while the dependence
of brain neuron activities on the inaccuracy of acoustic parameters in brain tissues remains unclear®. Therefore
in this work, a framework to analyze the sensitivity of the neuromodulation resolution to the sound speed in
brain tissues has been proposed, which can be generalized to evaluate the sensitivity to other tissue parameters
in future work. The multi-scale optimized neuronal intramembrane cavitation (SONIC) model is applied in
this work to model individual neuronal activities with ultrasound stimulation!”. The sensitivity of ultrasound
neuromodulation has been confirmed in our simulations given conventional ultrasound focusing methods, and
a Robust Optimal Resolution (ROR) beamforming algorithm has been proposed to mitigate such sensitivity
and provide high-resolution LIFU neuromodulation. The ROR beamforming method minimizes the worst-
case OTAA for all potential sound speed values, relying on an inference of intracranial propagation with
arbitrary sound speed values given limited reference measurements. The proposed ROR beamforming methods
are computationally evaluated in a 2-D human head model'® with intracranial phased array transducers, and
simulations show that the ROR beamforming scheme can successfully solve the sensitivity problem by robustly
providing high-resolution stimulation to the target brain region.

Methods

Computational modeling of neuromodulation resolution

Experiments and simulations in literature have shown that the neuromodulation effect is highly target-specific
i.e., stimulating different target points or off-target tissues can result in unexpected neuromodulation effects
according to literature results>~. Therefore, high neuromodulation resolution is necessary for practical usage
of this technology. Previous works have shown that the neuromodulation resolution can be computationally
modeled by OTAA’, which computes the ultrasound energy distribution in brain tissues and the corresponding
excitatory neuron spiking patterns given ultrasound stimulation based on SONIC model!”. Therefore, this work
also utilizes OTAA as the metric of neuromodulation resolution, and similarly assumes regular spiking neurons
in brain tissues as in previous work’. Other neuron types and factors (e.g., anesthesia state) will be considered
in future works.

Framework for analyzing sensitivity of neuromodulation resolution

High-resolution neuromodulation requires ultrasound focusing, which relies on beamforming when transducer
arrays are used for stimulation. The optimization of beam further relies on accurate knowledge of wave
propagation or acoustic properties such as sound speeds. Inaccuracy in the knowledge of sound speeds can
diminish the focusing effect and degrade the neuromodulation resolution. The impact of such inaccuracy
on neuromodulation resolution, defined as the sensitivity, is hence an important metric of reliability for this
emerging technology. This work proposes a general framework to computationally analyze the sensitivity of
neuromodulation resolution to the sound speed in brain tissues, as is shown in Fig. 1. With a human head model
shown in Fig. 1 (a), the k-Wave toolbox'® can integrate the driving signals of the ultrasound transducer in Fig.
1 (b) and simulate the ultrasound beam map in brain tissue regions, as is shown in Fig. 1 (c). For sensitivity
analysis, different tissue sound speed values, e.g., from c1 to ¢, need to be assumed in k-Wave simulations to
generate corresponding beam maps and demonstrate the impact of sound speed inaccuracy. Note that each ¢,
represents a set of sound speed values for different brain tissues in nth k-Wave simulation. Given the ultrasound
energy distribution in Fig. 1 (c), SONIC model can be used to compute the excitatory neuron spiking pattern in
each brain region and generate the neuron spike count map with different sound speed values from c; to ¢, in
Fig. 1 (d). Further sensitivity analysis, e.g., best-case / worst-case resolution, is conducted using the generated
neuron spike maps.

This work assumes stimulation using continuous ultrasound waves at frequency f = 250 kHz>?. Although
pulsed wave stimulation and some other frequencies (e.g., 500 kHz) might be more common in literature??!,
using continuous wave at lower frequency could significantly reduce the computational complexity for initial
evaluation. Higher frequencies and pulsed wave stimulation will be tested in the future work. An example of
simulated excitatory neuron spike pattern using SONIC model at fis shown in Fig. 2 (a). Continuous stimulation
is exerted on a single neuron since time ¢ = 0, and the stimulated neuron starts continuous spiking with a delay.
Fig. 2 (b) shows a relationship between neuronal firing rate and the average intensity, in which the firing rate
generally increases with the stimulation intensity. There is also an intensity threshold for neuron excitation,
which can be utilized to avoid unintended neuron excitation to other brain regions during LIFU stimulation’.

Beam focusing model with sensitivity mitigation

The driving signals of the ultrasound transducer in Fig. 1 (b) determine the ultrasound beam profile. Conventional
driving signals are calculated based on the simulation / phantom measurement of ultrasound propagation, which
further rely on a single set of sound speed values used by the simulator or phantom experiment. One challenge
of these methods is that the focusing resolution can degrade when there are differences between the actual tissue
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Fig. 1. The framework of sensitivity analysis for LIFU neuromodulation resolution. (a) A 2-D cross section of
the human head model built from the imaging data!®, in which the target region is denoted by the white cross
and transducer elements on the surface of brain tissues are denoted by red triangles. (b) Illustration of driving
signals for ultrasound transducer beam. (c) Ultrasound beam maps simulated with k-Wave toolbox at different
sound speed values from c; to ¢, (usually sampled in a potential range of feasible values). Each c,, represents a
set of sound speed values for different brain tissues in nth k-Wave simulation. (d) The neuron spike count map
at different sound speed values from ¢; to cp.
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Fig. 2. Ilustration of SONIC simulation results for continuous wave at f = 250 kHz. (a) An example spike
pattern of a single neuron stimulated since ¢ = 0 simulated with SONIC model. (b) The firing rate of a single
neuron during 100 ms stimulation with respect to the intensity.

sound speed values of the stimulation subject and the values used. Although this challenge can be apparently
addressed by using propagation information at all potential sound speed values together for beam design, the
simulation / measurement cost and complexity will not be affordable. Therefore, the ROR beamforming method
is proposed to achieve high neuromodulation resolution and reduce such sensitivity with limited simulation
/ measurement cost. The framework of ROR beam optimization is illustrated in Fig. 3. Based on the human
head model and the phased array transducer, the ultrasound propagation can first be simulated with a limited
set of reference sound speed values ¢, using the k-Wave toolbox'®. Then an Equivalent Source Method (ESM)
can be used to infer propagation properties with any arbitrary sound speed values from the simulation results.
ROR beamforming algorithm can comprehensively consider the propagation with any sound speed values, and
optimize the beam profile as well as driving signals. ROR aims to minimize the worst-case OTAA to reduce the
sensitivity of OTAA to the sound speed inaccuracy.

Two benchmark methods, conjugate beamforming and Constrained Optimal Resolution (COR)
beamforming, whose details are introduced in the Supplementary Information, are also evaluated in this work
with respect to the proposed method. Both benchmark methods only consider the beam optimization with a
single set of sound speed values and fail to consider the sensitivity. Conjugate beamforming aims to maximize
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Fig. 3. The proposed ROR beam optimization framework for sensitivity mitigation. First, the ultrasound
propagation from the phased array transducer to any brain region in the given human head model can

be simulated with a limited set of reference sound speed values ¢, using the k-Wave toolbox!. Next, an
Equivalent Source Method (ESM) can be used to infer propagation properties with any arbitrary sound speed
values ¢ # ¢, from the propagation simulation results. Finally, ROR beamforming algorithm can optimize the
beam profile as well as driving signals by comprehensively considering the propagation properties with any
potential sound speed values c inferred with ESM.

the ultrasound intensity delivered to the target region, and COR beamforming aims to minimize OTAA while
ensuring a successful stimulation’.

Modeling ultrasound propagation

The ultrasound propagation in the human head model depends on tissue acoustic properties, including the
density, the attenuation coeflicient, and the sound speed ¢(G) in each brain region G. However, measuring
the acoustic properties of the human subject in vivo is highly invasive and challenging, while using empirical
values?>? can involve inaccuracy due to individual differences that affects neuromodulation resolution.
Therefore, in this work, the sensitivity of ultrasound neuromodulation resolution to the inaccuracy of brain
tissue sound speeds is evaluated'>13,

It is assumed that the actual sound speed ¢(G) in each brain region G can be modeled as

C(G) = (1 + E)E(G), €€ [Eminy €'maac]~ (1)

Here ¢(G) denotes a statistical sound speed value in the brain tissue at G, and e denotes the deviation of the
sound speed at G with respect to ¢(G). It is assumed that e is limited in a small range [€min, Emaz] (usually with
€min < 0 and €mqo > 0) and can be either positive or negative. The value of ¢(G) is unknown, whereas ¢(G)
, €min and €maz can be estimated from the range of sound speed values measured in the literature. All brain
regions G share the same € value, including grey matter and white matter, which is an accepted assumption in
the previous work!?. Although in real-world scenarios, it is intuitive to have medium-specific / location-specific
deviation, there is a lack of measurement results in literature on the deviation behaviour of grey / white matter
in different brain regions. Besides, treating ¢ in different brain regions as different variables also significantly
increases the computational complexity of sensitivity analysis. Therefore, this work adopts this simplification
and uses a single variable to represent the sound speed deviation. The sensitivity to all other acoustic parameters,
such as attenuation coefficients and densities, are not considered and will be investigated in the future work.

The ultrasound propagation model used in this work is generalized based on literatures®’. A phased array
transducer with M elements is placed on the top of the grey matter, as is shown in Fig. 1 (a)!S. The array may
not be flat due to the structure of brain tissue surface. Each element m can generate a continuous ultrasonic
wave at frequency f with amplitude A,,, and phase ¢,,. Then any brain tissue region G will be exposed to the
stimulation of a sine wave p(G, €, ) = [h(G, €)]Fwe? ?™*= %) where w is the beamforming vector, h(G), €)
is the propagation vector, and [-] denotes the conjugate transpose operation. A detailed explanation is included
in the Supplementary Information. The total transducer array power is assumed to be limited, i.e., ||w||3 = P
, where P represents a scaling of the total transducer array power. The average ultrasound intensity I(G, €) is
defined as®!1-24

[’uJ}Hh(G'7 e)[h(G, e)]H'w

20(O)C) @

I(G,e) =

where p(G) represents the medium density at point G.

Robust optimal resolution beamforming

It has been shown in previous works that the neuronal activation can be determined by ultrasound intensity
thresholds, while the neuromodulation resolution can be evaluated based on OTAA given that the target region
is successfully activated”. When the ultrasound intensity in the target region is equal to the neuron activation
intensity threshold, neurons in an off-target region can experience off-target neuromodulation effects if the ratio
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between ultrasound intensity and the activation threshold is larger than 7, the activation intensity ratio between
off-target and target regions?>~%°. In this situation, OTAA can be approximately measured with S(w, €), i.e.,

S0 =3 x(16G.9-u1(@",0). ®

G#G*

Here x(-) is a 0-1 step function indicating whether neurons at G are activated according to the neuron activation
model. The target region is denoted by G*. The area is equivalently represented by the number of brain regions
in (3).

The OTAA-based neuromodulation resolution is generally determined by the beamforming w of phased
array transducer’, and the optimization of w relies on the knowledge of propagation h(G, €). As the exact value
of h(G, €), c(G) or € cannot be measured in vivo, the beamforming coefficients can suffer from inaccuracy and
degrade the neuromodulation resolution'2 A preferable solution to this sensitivity issue is the design of a single
beam pattern that robustly leads to satisfying OTAA for all possible sound speed values. Therefore, given the
sound speed model (1), the ROR beamforming method is proposed to minimize the worst-case OTAA S(w, €)
for any values of € € [€min, emam]”. The method can be formulated as a min-max optimization problem,

min  max S(w, ), ||w]|3 =P, €min <€ < €maz- (4)
w €

As this problem is non-convex with respect to w, it is of significant challenge to find a solution that converges
to the global optimal solution®'. Instead, a sub-optimal solution to this formulation can be achieved with an
iterative potential reduction algorithm?!-33. A detailed introduction of the algorithm used is included in the
Supplementary Information.

Estimation of propagation properties

According to the Supplementary Information, the calculation of w requires the knowledge of h(G,€) and
its gradient, which can be complex to acquire with arbitrary potential values of € either in experiments or
simulations. The solution is to infer h(G, €) for any € based on measurements / simulations at a few reference
values ¢, and ESM. Since h(G, €) represents a linear superposition of incident waves and reflected waves in
an approximately linear environment, ESM can be used to separately model these waves that are transmitted
/ reflected from each direction to the brain region of interest**. ESM assumes the reflected sound field as
equivalently generated by virtual sound sources on the other side of the reflective boundary®>3® (i.e., the inner
skull surface in this work), which can be applied to non-flat reflection surfaces and non-plane waves that are
challenging to model analytically’’. The mathematical derivation of h(G, €) using ESM is introduced in the
Supplementary Information.

Numerical evaluation

Simulation setups

This work numerically evaluates the accuracy of propagation property estimation and the sensitivity of OTAA
with respect to the brain tissue sound speed deviation e. Since both propagation property estimation and
beamforming optimization rely on reference measurements given different values of €., two selections of €, are
evaluated in this section. The first selection is represented by ESM-1, which only use 1 measurement at €, = 0.
ROR beamforming based on ESM-1 is referred to as ROR-1. In practical scenario, this method can cater to the
situation in which one phantom measurement is used for beamforming design, as conducting multiple phantom
experiments with small sound speed variation can be difficult due to cost and complexity. The second selection
is denoted by ESM-3, using 3 measurements at € = 0, €min and €mae. ROR beamforming based on ESM-3 is
referred to as ROR-3. This configuration can be used by simulation-based propagation measurement, and it is
expected that the result can be improved with more reference sound speed values evaluated. Other simulation
parameters are listed in the Supplementary Information.

Estimation accuracy of propagation properties

Fig. 4 (a)-(c) evaluates the estimation accuracy of propagation properties using ESM-1 and ESM-3. Given
a selected pair of transducer array element m and grid point G in the brain tissue region, the change of the
propagation h., (G, €) with respect to € is simulated using k-wave and estimated using ESM-1 and ESM-3.
Fig. 4 (a) illustrates the amplitudes of both simulated and estimated propagation, |hnm (G, €)|. The black curve
represents the simulated propagation. The red curve denotes the estimation with ESM-1, and the blue curve
denotes the estimation with ESM-3. The x-axis denotes the sound speed deviation ¢ ranging from —1% to 1%. It
can be concluded based on Fig. 4 (a) that the amplitude change in propagation is sensitive to ¢, as 1% deviation
can result in a halved amplitude. Such a phenomenon is likely caused by the complicated pattern of intracranial
standing waves, as the local maximum and minimum of standing waves can move if the sound speed changes.
Although neither ESM-1 nor ESM-3 estimation can perfectly fit the simulated propagation, ESM-3 can provide
a better estimation than ESM-1 in amplitudes by utilizing more reference measurements.

Fig. 4 (b) evaluates the propagation phase shift for the same pair of transducer element and grid point. The
phase shift is also sensitive to the sound speed deviation, linearly increasing with € in a small range and diverging
from linearity when e is large. Both ESM-1 and ESM-3 approximate the linear phase shift change well. However,
only ESM-3 can estimate the non-linear phase shift change.
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Fig. 4. (a) The comparison between the simulated amplitude change in propagation using k-wave and the
estimation using ESM. (b) The comparison between the simulated phase shift in propagation using k-wave and
the estimation using ESM. (c) The average propagation estimation error using ESM with respect to the k-wave
propagation simulation.

2308

IR

Fig. 5. The pressure-based intensity beam pattern (top) and the off-target activation area (bottom) of all
beamforming methods. The maximal OTAA of each method is achieved with the corresponding ¢ value
selected. (a) and (e): Conjugate beamforming; (b) and (f): COR; (c) and (g): ROR-1; (d) and (h): ROR-3.

While Fig. 4 (a)-(b) only evaluates the propagation from a single element to one brain region, Fig. 4 (c)
focuses on the mean estimation accuracy for all transducer elements and brain regions. The mean absolute value
of estimation errors of each method, i.e., the mean of |H . (¢) — H ,(€)| for all brain regions and transducer
elements, is compared. Here the black curve assumes constant propagation properties, i.e., the propagation does
not change with € and can be calculated with € = 0. This is the assumption adopted by benchmark beamforming
methods in this work. Although the error is close to 0 when € is close to 0, the error significantly increases for
larger |€|. Instead, ESM-1 and ESM-3 can significantly reduce the estimation error for large |€|, at the expense of
the estimation error for € close to 0. When e = 0, the gap between the black curve and the red curve represents the
propagation effect that cannot be accurately modeled with ESM, including the weak refractions in brain tissues,
the mismatch between the wave equation solution and the ray-tracing model, and so on. On the other hand, the
gap between the blue curve and the red curve at € = 0 represents the expense for minimizing the estimation
error at other reference values ¢,.. For sensitivity reduction and robust beamforming, the worst-case performance
usually has the most impact, which implies ESM-3 has the best propagation estimation performance.

Sensitivity of OTAA

Fig. 5 and 6 evaluate the sensitivity of the neuromodulation resolution, measured by OTAA, to € with different
beamforming methods. Fig. 5 illustrates the beam patterns corresponding to the worst-case OTAA with
different beamforming algorithms (Conjugate beamforming, COR, ROR-1, and ROR-3) in subfigures on the
top, depicted by the spatial distribution of intensity. Subfigures at the bottom show the corresponding off-target
neuron spiking map, while the dark blue areas represent regions that are not activated by ultrasound stimulation.
Different beamforming methods can achieve their own worst-case OTAAs at different values of €. The center of
the red circle in each subfigure represents the target point. The phased array transducer elements are represented
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Fig. 6. The pressure-based intensity beam pattern (top) and the off-target activation area (bottom) of all
beamforming methods. The minimal OTAA of each method is achieved with the corresponding € value
selected. (a) and (e): Conjugate beamforming; (b) and (f): COR; (c) and (g): ROR-1; (d) and (h): ROR-3.

by the white triangles. Similarly, Fig. 6 illustrates the beam patterns and off-target activation area corresponding
to the minimal OTAAs with the same arrangement of subfigures.

Fig. 6 (f) shows that COR can minimize OTAA and achieve the best neuromodulation resolution compared
to all other methods. Conjugate beamforming method does not focus on the neuromodulation resolution and
only maximizes the target intensity. Compared to the best-case OTAA of COR, the best-case OTAAs of ROR-1
and ROR-3 have some degradation, as these two methods have focused on the robustness of neuromodulation
at the expense of best-case performances. In an extreme scenario where €min = €maz = 0, ROR-1 and ROR-3
are supposed to have the same OTAAs as COR.

The sensitivity of OTAA to sound speed deviation can be evaluated with the comparison between minimal
and maximal OTAAs. It can be obviously concluded from Fig. 5 and 6 that OTAAs of benchmark methods
are very sensitive to sound speed deviation. The worst-case OTAA of conjugate beamforming is about 8.76
times the best-case OTAA while the sound speed only changes about 1%. Similarly, COR can almost eliminate
OTAA when € is close to 0, but the performance significantly degrades in the worst-case scenario. Compared to
benchmarks, ROR-1 and ROR-3 beamforming methods are more robust to sound speed deviations. The gaps
between worst-case and best-case OTAAs of ROR-1 and ROR-3 are much smaller than the gaps of benchmark
methods. ROR-3 has the minimal worst-case OTAA among all methods by focusing the majority of energy
around the target point even in the worst-case, which implies that the sensitivity issue is successfully solved.
Compared to ROR-1, ROR-3 further improves the neuromodulation resolution by having a better estimation of
the propagation h(G, €), as is shown in Fig. 4.

Fig. 7 evaluates the sensitivity of OTAA of all beamforming methods with respect to sampled e values
in the whole feasible range [€min, €maz]. The simulation setup is the same as in Fig. 5 and 6. To reduce the
computational complexity, here we evaluate OTAA using its approximation S(w, €). The x-axis denotes the
percentage deviation € and the y-axis denotes OTAA. The dashed black curve denotes the conjugate benchmark.
The solid black curve denotes the COR benchmark. The solid red curve denotes ROR-1, while the solid blue
curve denotes ROR-3. It can be observed that the OTAA of benchmark methods significantly increases when
the sound speed deviation is far from 0, and usually the maximal OTAAs of benchmark methods are achieved
when € = €min Or €maz. However, the proposed beamforming method, especially ROR-3, almost has a flat
OTAA curve with respect to sound speed deviation, demonstrating that the sensitivity issue is addressed. The
robustness of ROR-3 is guaranteed at the expense of neuromodulation resolution at € — 0 compared to COR
and ROR-1.

Impact of target distance

Fig. 8 evaluates the worst-case OTAAs with respect to the distances between target points and the transducer
to assess whether the sensitivity can be reduced for other potential target regions. To reduce the computational
complexity, here we evaluate OTAA using its approximation S(w, €). It is assumed that all potential target regions
are located along the axis of the phased array transducer. The solid black curve denotes the COR benchmark.
The solid red curve denotes ROR-1, while the solid blue curve denotes ROR-3. The x-axis of the figure denotes
the distance between the target brain region and the phased array, and the y-axis denotes worst-case OTAA. By
comparing different methods, it can be concluded that ROR-1 and ROR-3 beamforming methods can generally
outperform the benchmark methods for almost all target regions. Compared to the conjugate benchmark
which is not plotted, on average ROR-1 can reduce worst-case OTAA by around 64.1%. Compared to COR, the
average reduction of worst-case OTAA by ROR-1 is about 34.5%. ROR-3 could further reduce 60.5% OTAA
compared to COR on average, and reduce 78.0% on average and up to 90.0% OTAA compared to the conjugate
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Fig. 8. Worst-case OTAA of different beamforming algorithms with respect to target locations. The feasibility
of ROR for most target points near the brain center is validated. The oscillation of OTAA curves shows the
evidence that the mechanism of the sensitivity is related to standing waves.

benchmark. These results show that the proposed beamforming schemes can successfully address the sensitivity
issue. In some rare cases, the performances of proposed methods can be worse than benchmarks, due to the errors
involved in the estimation of propagation properties. Besides, although ROR-3 generally outperforms ROR-1,
in real-world applications, the selection of beamforming schemes depends on the propagation measurement
setups, and a trade-off exists between the resolution and the complexity.

Obviously in Fig. 8, OTAA curves oscillate drastically with the change of target distances to the phased array.
It can be inferred from such a pattern and the phenomenon in Fig. 7 that the mechanism of OTAA sensitivity
is probably related to intracranial standing waves, which are generated by the reflective environment inside the
skull and visualized in the previous beam pattern results. For comparison, intuitively the sensitivity issue in
homogeneous medium without reflections and standing waves should not be as significant.

Discussion and conclusion

This work analyzes the sensitivity of the intracranial neuromodulation resolution, defined by OTAA, to the
sound speeds of brain tissues with different beamforming methods, and a robust beamforming scheme, ROR, is
proposed to minimize the worst-case OTAA and robustly stimulate the target brain region with high resolution.
Simulations show that the ultrasound propagation in brain tissues is sensitive to the sound speed deviation,
and such dependence can be approximately estimated based on ESM and reference measurements. The ROR
beamforming method can also significantly reduce the sensitivity of OTAA to the sound speed deviation and
maintain high neuromodulation resolution even in the worst case, whereas benchmarks methods all suffer
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from the sensitivity issue. Simulations with different target locations show that the worst-case OTAA drastically
oscillates with respect to the distance between the target brain region and the phased array transducer.

It can be inferred that the standing wave can be a potential cause of the OTAA sensitivity. In the intracranial
setup, the standing wave is mainly generated by the superposition of incident waves and the reflected waves
from the inner surface of the skull, which can also have neuromodulation effects*. According to the example
propagation in literature®”’, such superposition can happen in 0.3 ms since the start of the stimulation for a
human subject, which is shorter than most pulse durations for human stimulation in the literature®21:26:38,
Therefore, it might be challenging to eliminate the standing wave effect completely. From this perspective, as
the ROR beamforming can successfully address the sensitivity issue for continuous-wave or even long-pulse
stimulation, this proposed method provides more options of transducer parameters to be feasible in ultrasound
neuromodulation.

Most previous research has utilized single-element curved transducers to focus the ultrasound to the target
brain region, which cannot counter the attenuation and phase shift along the propagation path. Acoustic lenses
can be built to match the propagation channel for a determined target point but have little flexibility'®*. In
contrast, a phased array transducer supported by beamforming algorithms”!10-42 can flexibly focus the energy
to any locations in brain tissues with high neuromodulation resolution”!!4041. Furthermore, when the size is
limited, the phased array transducer can even be implanted inside the skull or on the surface of brain tissues to
reduce the aberration further and increase the energy efficiency'®*. Therefore, the main focus of this work is
to pursue high neuromodulation resolution in the intracranial LIFU stimulation by utilizing implanted phased
array transducers and beamforming techniques*+*°.

To accurately focus the ultrasound energy on the targeted brain tissue, the attenuation and phase shift
information during propagation, i.e., the propagation channel, is necessary. According to literature®, currently
the most accurate method to measure the propagation inside the brain tissue is to implant a hydrophone into
the brain of the patient in vivo, which is highly invasive and inflexible. A non-invasive alternative is to record
the wave propagation resulted from the collapse of a cavitation bubble, which is generated at the target using
an ultrasound transducer?. Magnetic resonance acoustic radiation force imaging (MR-ARF]I) is also a tool for
measuring the propagation channel in vivo’. However, it can be very time-consuming to acquire propagation
information for all brain regions with these methods, which is necessary for achieving high neuromodulation
resolution®, Instead, simulations and phantom experiments can serve as non-invasive alternatives to acquire
such propagation information®*. To further reduce the complexity of simulation, ESM-1 and ROR-1 can be
used to improve robustness of beamforming compared to traditional methods without requiring any additional
simulation or measurement.

This work only evaluates the sensitivity of OTAA to the brain tissue sound speed. Other acoustic parameters
of brain tissues, like the attenuation, can also influence the ultrasound propagation‘”, and a similar model can
be used to infer the propagation and analyze the sensitivity as is shown in the Supplementary Information.
Besides, there are many other sources of uncertainty in practical LIFU systems that could affect targeting and
neuromodulation effects, such as transducer properties, skull and tissue geometry, tissue temperature change,
etc. The proposed beamforming framework may not be able to take all these factors into account by itself due to
the high complexity. However, it can potentially be combined with closed-loop feedback techniques to provide
better targeting, e.g., propagation estimation by ESM can be refined with real-time measurements.

In addition to OTAA, safety constraints also need to be considered in clinical applications of LIFU
neuromodulation technology. Two major types of LIFU stimulation effects that may raise safety concerns
are heating and cavitation®’. Two metrics have been generally used in literature to quantify heating effect of
ultrasound stimulation: thermal index (TI) and spatial-peak temporal average intensity (Ispta), wWhich are
defined in the following formulas,

Wy

€g

, Ispta(G) = I(G) x T x DC. (5)

Here W), represents the acoustic output power; Weq is the approximate power needed for 1 °C' temperature
increase; T'is the stimulation duration and DC represents the duty cycle (100% for continuous wave stimulation).
TI for different tissues (e.g., soft tissue, bone, cranial bone) and different beam patterns can be calculated with
different definition of W}, and W, in literature®>. E.g., with the array configuration and brain stimulation
pattern specified in this work, W, and W., need to be defined as>

— ; 2 _ 210mW
Wy, = max min{W,, I(G) X lem”}, Wyeq = F/IMH (6)
where W, o ||w]|3 is the total transducer power. On the other hand, the probability of cavitation may be
generally characterized with mechanical index (MI), although there is still debate on the applicability of such
modeling with all ultrasound parameters®>3. MI in the current problem can be defined as*

maxg |p(G, t)]

v

There has been guidelines requiring Ispta < 720 mW / cm?, TI < 6 and MI < 1.9 for safety53, which needs
to be comprehensively integrated in beam focusing design. The beam focusing optimization problem can use
these metrics and thresholds as constraints in optimization or combine them into the objective function as
weighted regularization to meet requirements in both OTAA and these safety aspects. A preliminary framework

MI = 7
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to integrate safety constraints into the proposed beam focusing method is presented in the Supplementary
Information.

This work has made some simplification assumptions to better focus on the robust beamforming framework
which could be relaxed and examined in future works. The estimation of propagation properties based on
ESM assumes weak refraction and ray-like propagation in the region of interest**-6, implying that it can only
be applied to model the propagation in weakly heterogeneous media like brain tissues®’. For transcranial
stimulation, due to the large sound speed difference between brain tissue and skull, it is necessary to consider
refraction on the skull surface and the ray-like simplification needs to be modified. However, the proposed
beamforming method, ROR, can also be applied to counter the acoustic parameter deviation of other tissues like
the skull, as long as the knowledge of the simulated / experimentally measured propagation function h(G, €) for
a group of sampled e is available.

Due to a lack of measurement results on the deviation behaviour of grey / white matter in different brain
regions, this work only considers a uniform deviation ratio of sound speed values in all regions for simplification
and computational complexity reduction'>!. This assumption might not reflect the actual deviation pattern,
and such discrepancy could result in inaccuracy in ESM propagation estimation. However, correct deviation
models are necessary for quantification of such inaccuracy and mitigation in propagation estimation. Sound
speed measurements in brain tissues, especially for the same type of tissue in different brain regions, could
be conducted in the future to enable tissue-specific / location-specific deviation modeling. If the sound speed
deviation ratio € = [€4, €] has different values €, and €,, for grey and white matter, the min-max optimization
problem (4) needs to optimize the beam pattern considering all potential combinations of €4 and €., and the
wave propagation model of ESM in the Supplementary Information needs to consider €, and €., separately as
well. A more detailed explanation is included in the Supplementary Information. In addition, the real deviation
model can also be a noisy perturbation of sound speed values, meaning different locations will have different
random sound speed variation values!'?. In this case, the mean deviation value may be used for propagation
approximation and calibration with actual sound field. Future works will test different sound speed deviation
models and validate the performance of the proposed beam focusing scheme with more generalized setups.

In addition, this work has also assumed continuous wave stimulation to simplify modeling and significantly
reduce computational complexity. Pulsed waves have been more commonly used in human neuromodulation
studies?!, and using continuous wave stimulation for approximation may lead to inaccuracy in beam pattern and
neuron responses. The beam pattern approximation accuracy mainly depends on the pulse duration. As previous
analysis has shown that intracranial sound field may become stable after 0.5 to 0.7 ms stimulation’, shorter pulse
duration can lead to dynamic sound field and approximation inaccuracy. The neuron activation patterns with
continuous / pulsed wave stimulation are also different!’. Besides, the thermal effect of continuous wave is also
more significant. Therefore, to accurately show the stimulation performance of all pulsed-wave setups, future
work needs to consider time-aware intensity for beam focusing design’, and quantify the difference of pulsed
wave and continuous wave in beam focusing pattern, neuron behaviors, and thermal effects (e.g., using TI).

This work mainly focuses on the ultrasound focusing design and has only considered a simplified model of
neuronal responses to ultrasound stimulation. Factors including the type of neuron, the type of neuromodulation
effects (excitatory / inhibitory, etc.), and the brain circuit effect / neural network effect have all been shown
to influence the neuromodulation phenomena in literature, and can be integrated into the analysis in future
investigation!”-?%8-61 For example, previous research® has demonstrated that the activation of regular
spiking neurons significantly increase with pulse repetition frequency (PRF), whereas fast spiking neurons
have homogeneous spike rate that does not change with PRFE. Similarly, hippocampal pyramidal neurons
and neighboring inhibitory basket cells have opposite neuromodulation effects during the same ultrasound
stimulation®?, and the same stimulation protocol can result in different neuron behavior in ventral tegmental
area GABAergic and dopaminergic cells as well®. Such cell-type-specific stimulation has shown potentials to be
used for precise psychiatric disorder therapy, and its combination with optimized spatial focusing precision will
be more promising by further reducing side effects during stimulation. Integrating pulse parameters into the
proposed method requires generating and processing time-varying sound fields when pulse duration is small,
leading to increasing computational complexity that could be further optimized.

The future work of this research can be focused on extending the analysis to 3-D environments and validating
the proposed ROR beamforming method in phantom experiments®. To validate the proposed beamforming
method in phantom experiments, a skull phantom could be built with different filling media for ultrasound
stimulation evaluation. Transducer elements could be attached to the inner surface of the skull phantom for
intracranial stimulation, and a hydrophone could be placed in different places inside filling media to measure
the propagation from transducer. Given the propagation measurements in a reference filling medium, the range
of acoustic parameters of all filling media, and the map of skull, the proposed ROR beamforming strategy can
be used to design a focusing beam applicable to all filling media for ultrasound focusing sensitivity analysis.
The optimized beam parameters can be used to drive transducer elements, and a hydrophone measurement of
focused beam pattern in filling media could validate the robustness of the optimized beam based on our proposed
method. The stimulation effect on actual neurons, however, need to be evaluated in further in vivo experiments.
Besides, validating the effectiveness of the proposed methods in transcranial LIFU neuromodulation numerically
/ experimentally can be another direction to explore.

Data availability
The brain model dataset used in the current study is available in BrainWeb: Simulated Brain Database, https://b
rainweb.bic.mni.mcgill.ca/.
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