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Abstract

Neuronal current MRI (ncMRI)s a field of study todirecly map electrical
activity in the brain using MRIwhich has many benefits over functional MRIne
potential ncMRI method, drentz effect imaging (LE))has showrpromisebut needs a
better theoretical understanding to improve its use.

We developthree computaional modelsto simulatethe LEI experiments of an
electrolyte filled phantonsubject to a current dipoleased on: ion flow, particle drift,
andelectromagnetohydrodynamics (EMHDYith comparativeexperimental resulisve
use the EMHD model to better werdtand the Lorentz effect over a range of current
strengths. Wealsoquantifythe LEI experimentalmagesandassess ways to measure the
underlying current strengtlwvhich would greatly benefit comparative brain mapping.

EMHD is a good predictor of LEI ghal loss. V& can measure the underlying
current strength and polaritg the phantonusing LEI images We canalso usetrends
from theEMHD modelresultsto predict the required current density for signal detection
in future LEI experimentsWe can alsanfer the electric fieldstrength flow velocity,
displacement, and pressudrem thepredictedcurrent magnituden an LEI experiment.

The EMHD modelprovides information thagreatly improves the utility and
understandingf LEI. Future studywith our EMHD modelshould be performedsing
shorter dipole leng#) higher density and lower strength of current sources, and varying

current source frequencigsunderstandLEl in the setting of mapping brain activity
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1. Noninvasive brain imaging and MR

The “holy grail ” [4fhasbeemigstribddasgonimvasivena gi n g
technique that allows direct mapping of brain activity watkpatial resolution on the
order of a cortical column (100 m x 1 (2] ang temporalesolution on the order
of a postsynaptic potential (10 mge¢) or even an action potential (1 msgg).

Non-invasive recording of local electrical fields from neuronal tissas long
been accomplished usirggalp EEG[3-5]. EEG hasgreat temporal resolution on the
order of milliseconds, butas major limitations in spatial resolution and depth, thereby
making it an effective mearigr cortical mapping6].

MRI on the other handhashigh spatial resolution on the order ofilimeters
with good depth banalysisproviding anatomic images witho data on brain activit}6,

7]. Cerebrovascular blood volum@BYV) functional MRI (fMRI) [7] and bood
oxygenation level dependent (BOLIMRI [8-12] are method used to overlay maps of
brain functionbased on hemodynamic changesl hae some recent use imapping
brain activity [13]. The recorded hemodynamic changasfMRI are limited by a
timescale of % seonds [14, 15|, anddo not directly correlate with or match the time
scale ofmost brain activitythereby making fMRI unabl® aid incritical decisions in the
absence of direct brain mappifig 16-18].

By comparing BOLBIMRI activity maps tomicroelectroderecordings of local
field potentials showingactivity spikes in the occipital cortex, the is alack of
correlation and extended time scale of the BOLD response compared to the neuronal

activity [15], shown in the figure below.
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Figure 1.1: Time-response of BOLDfMRI compared to neuronal activity

From Logothetis 200215]. Visually evoked response recorded using B&MMRI and
concurrent local field potelal (LFP) from microelectrodein the occipital cortex(a)
Comprehensive signal from LFP recording of neural signaling (black: raw, yellow:
RMS). BOLD response (red) from average tisggies of voxels within green circle of
T2*-weighted image in the insethowing a maximum BOLBMRI signal change on the
order of 1.2% with its peak occurring several seconds after the end of the stimulus
presentation period (gen horizontal b3r (b) Action potential sequence from the
comprehensive signal, isolated usingtistical methodswith a rate that reflects the
output responsactivity of the studied area

In Figure 1.1 microelectrode recordings show that the neuronal activity response
has an increased firing rate over a period of tina toincides exactly with the visual
stimulus presentation period. The BOLD signal on the other hand has a period twice that
of the stimulus presentation period, is delayed in onset, and does not reach its peak until

several seconds after the end of treual stimulus presentation perig].



In addition, BOLDfMRI useslarge voxel sizes to enhance th&1RI signal
modulation ¢n the order ofLl% even with large voxe)sand decrease scan time, which
results in themagesof the hemodynamic response within a relatively large area (100,000
neurons and billions of synapses) compgaethe resolution of specific neurons creating
the output activity[15, 18-20]. Furthermore, the aa of measured BOLD response is
widened by the downstream flow of blood from the area of increased activity, thereby
limiting spatial interpretation of the BOL-EIMRI images[15, 19].

Therefore, a noimvasive brain imaging modalityis needed with a contrast
mechanism that has improved tempaatl spatial correlation with the underlying brain

activity over BOLD-fMRI.

1.1. Neuronal current MRI (ncMRI)

To improve the accuracy of neuronal activity dependent imaging, several methods
have been proposed to combine the high spatial resolution of MRtheithigh temporal
resolution of EEJ3, 10]. It is ideal to use¢he high spatial resolution ®iRI to directly
map neuroelectrical activity in the braidowever, as opposed to @nfing brain activity
indirectly from relatively slow hemodynamic changes as in fMi&I,imaging contrast
mechanism is needed that tighertemporalcorrelation andesolutionapproaching that
of EEG, a field of studyeferred to as neuronal current MREMRI) [1].

ncMRI has been described as the holy grail of functional neuroimaging for

directly imaging neuroelectrical thaty, yetits theory and feasibility are still a topic of



debate[1]. In the pasffifteen years,a variety of methods ka beenperformed for the
study ofMRI mapping and modelingf electrical activityin brain[21-33], nerve[32, 34-
36], and phantom§37, 38]. Many of these methods attemptrieuraal currentinduced
inhomogeneities in the magnetic fieléferred to as neuromagnetic fie[(MFs), which
areon the order of 1¢/ — 10"?T [39]. Currently NMFs are undetectable using MRI
because their magnitude far smaller than the inhomogeneitiesmbst MRI magnets,
and therefore require special devices fodetecton called SQUID magnetometers

(superconducting quantum interference des)ieath very limited spatial resolutiofi39].

1.2. Lorentz effect imaging (LElIvs. BOLDfMRI

More recently, ae form of ncMRI called Lorentz Effect Imaging (LED6, 40-
42] was introduced, whiclemploys oscillating magnetigeld gradients tcamplify and
detectthe signal lossresuling from a spatially incoherentyet temporally synchronized,
water displacemerttaused by theeuronal activityTo depict the significance of LEI (as
an ncMRI methodjve will compare the physiasnderlyinghow the MRI signal is being

generated iBBOLD-fMRI vs. LEI.

1.2.1. Hemodynamic changesand BOLD-fMRI

The BOLD signal in fMRI takes advantage of the change in magnetic properties
of hemoglobin (Hb]15, 19]. When Hb is oxygenated (oHb) it is diamagnetic and causes
little magnetic field change versus deoxygenated (dHb) which is paramagnetic and causes

4



a greater magnetic field chanp3]. The oxygen itself is used in cebulrespiration to
generate ATP that is used by ion channels during cell rest and activity, and is supplied by
the Hb in red blood cells that travel through capillaries from the arterial (oxygenated) to
venous (deoxygenated) circulatifi®].

In response to neuronal activity, cellular metabolism releases vasoactive agents
that increase blood flow to meet the increased oxygen demand. This increase in blood
flow “overshoots” the required demaerd c

resting stat¢19, 20].

a u s



artery  capillaries vein

o oHb: oxygenated Hb
o dHb: deoxygenated Hb

Figure 1.2: BOLD-fMRI blood oxygenation during rest and activity

Oxygen is supplied to neurons from hemoglobin (Hb) in red blood cells through
capillaries. During periods of rest, neuronal activity is matched to the incoming arterial
blood supply where the majority of oxygenated Hb lfpkeavesasdeoxygenated (dHb)

with a low venous oHb:dHb ratio (low BOLD signal). During periods of activity spikes,
neuronal metabolism produces vasoactive agents that increase blood flow to meet the
increased oxygen demand. The overshoot in blood feavges a higher oHb:dHb ratio in

the outgoing venous blood and therefore a relative increase in the BOLD signal.

The venous oHb:dHb ratio is higher in the active state due to increased blood
flow, a process which occurs over several secpbfls The local magnetic fieldhanges
from Hb arelessin the active state than at rdstcausehere is aower proportion of
paramagnetic dHb in the venous blood. As a result, the BOLD MRI protocol is one that
maximizes T2* signal loss from magnetic field inhomogeneifie§, which we will

explain next.



1.2.2. The MRI signal and transverse relaxation

An MRI signal isrecorded from theadio waves or energy thatrsleased from
the relaxation of water proton magnetic moments (soshirring in the radiérequency
(RF) spectrumAt rest, proton spindign with thes ¢ a n st@ngmagnetic fieldalong
the zaxis) in aparallel or antiparallel fashion. A1 RF pulse ighen appliedo knock
spinsout of their zaxis orientationinto the transverse planAfter a certain amount of
time, the spins returfrom the transverse plarte their zaxis orientationThe total MRI
signal is proportional to thaignmentof all the proton magnetic moments in the tissue.

Below is a cutaway diagram of a typical MRI seanwhich has a hollow bore

magnet, magnetic gradient coils, and an RF coil used to detect the MRI signal.
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Figure 1.3: MRI scanner cutaway diagram

From Coyng44]. MRI scanner has a hollow bore magtteit produces a magnetic field
oriented along the longitudinal -@xis). Gradient coils in the scanner introduce linear
magnetic field variations with strength (slope, dB/dn the order of mT/m in the x, vy,
and z directions. The RF coil is used to flige tproton magnetic moment spins in the
subject and subsequently record the radio waves emitted when they relax.

Proton spins precess at a frequency based on the magnetic field strength, referred
to as the Larmour frequen¢g5]. If two proton spins are slightly different, they become
out of phase with one anotheeferred to as dephasing. If enough dephasing accumulates
over time, theecordedMRI signalmagnitudeis less.T1 or spinlattice relaxatiorrefers
to longitudinal dephasing of spifiom ther interactonswith the surrounding tissue or
lattice [15, 45]. T2 or spinspin relaxatiorrefers to transversdephasing of spins from
their interactions with one anothgl5, 45]. A different cause of transverse relaxation,

referred to as T2*, is from small magnetic field inhomogeneities affecting precession



frequencies which cause dephasing over time, and is the basis of the BOL Eijnal

Transverse relaxation is shown in the diagram below.

A

\l J
Z—‘ transverse |
} relaxation

—
i

Figure 1.4: MRI transverse relaxation

A proton’s magneti c mo me n4ipold isergnted withthd e +
MR | scanner’ s magngdlongthetaxie AndRF putsé is appliedéon g t h
knock the proton moment spin axes (depicted by vectors) into the transvgrptane.

Over time due to perturbations in their precession frequencies, the spins become out of
phase with one another in theyplane, referred to as dephasing or transverse telaxa

Dephasing from sphspin interactions is referred to as T2 relaxation. The corresponding

T2 signal decay over time is shown.

Figureld4 aboved epi cts a proton’s magneaxis c mo ma
with the gnete figlde(B). Bhe RFapulse is applied to knock the spin
orientations into the transverse plane. The spins gradually become out of phase with one
another, referred to as transverse relaxation, which c#us®&R| signalto decay over
time [45]. Similar to T2 relaxation, T2* relaxation is from magnetic field
inhomogeneities causing the difference in precession frequency and hence phase shift
accumulation over timgls, 45].

In BOLD-fMRI gradient echo pulse sequences are used to enhance the detected
signal decay from T2* relaxatiodue to magnetic field inhomogeneities from dHH].

Like BOLD, LEI depends on dephasing in the transverse plane but the mechanism is

different. In LEI transvers spin dephasingccumulates over time due torentzforce



inducedparticledisplacements along spatiakagnetic field gradiesf41]. Displacement
causeghe proton spins t@hange precession frequency as they naloag the gradiest
which is an externally introducedmagnetic field inhomogeneity on the order of mT/m.

Below is a diagram depicting the difference between transverse relaxation in LEI vs.

BOLD-fMRI.
LEl contrast fMRI contrast
3N8'2K. “'
|| E: electric field H R metabolic demand
- W - —— &
S0ms \\

I 2 / F : Lorentz Force
E B

artery  capillaries vein

i dx _
F, mmp @)%, /*W z‘j?-
dBId:‘ &
magnetic magnetic field
gradients inhomogeneity

Figure 1.5: LEI vs. fMRI contrast based on transverse réaxation

LEI contrast (figure left) is a function of neuronal electric field@$ ¢ccuring under the
MRI scanners magnetic field) causing a Lorentz forcd-() which displaces protons
(dx) along spatial magnetic gradients (dB/dhat result in dephasing the transverse
plane. BOLDfMRI contrast (figure right) is a function cellular metabolic demand
causing blood oxygenation level (BOLD) changes that result in magnetic field
inhomogeneities from paramagnetic deoxygenated hemoglobin (dHb) causing nigphasi
in the transverse plane. SEgyure 1.4 for a diagram of transverse relaxation leading to
MRI signal decay.
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1.2.3. The LEI protocol

In fMRI, as described above, gradient echo is used to enharicdephasing
from magnetic field inhorogeneities In LEI however, electricalactivity matched
gradient oscillation is used to amplify dephasing fitbi displacement of water protons
due to the Lorentz forc&igure 1.6 below depicts a typical LErotocolsynchronizd to
detectsquare wavelectricalcurrent pulse applied to a model phantorihe LEI pulse
sequence is a gradient echo sequed& with oscillating magnetic field gradients

between excitation andhta acquisition, synchronized to the electrical current activity.

\
RE__ /|

A A
slice

o

w

readout GI . )\
—
T | J
acq i

current |

Figure 1.6: Lorentz effect imaging pulse sequence diagram

From Truong, Wilbur, and Song 20081]. Gradient echo sequence witlcycles(5 in
this cas@ of oscillating magnetic field gradientsvith positive andnegative lobes of
amplitudeG and durationT, shown in dark and lighgray, respectivelyapplied in the
readout and phase encoding directions betwadinfrequency (RFgxcitation and data
acqusition. Theappliedcurrentpulsesin this caseare synchronized with the positive
gradientobes.

Ideally, in vivo, the oscillating gradients would be synchronized to the frequency

of the neuronal currents of interest such that the electrical activisingatine incoherent

11



water displacement occurs during phasitive gradient loks but not duringhe negative
gradient lobse (or inversely). For particles experiencing displacensgtiveen the
opposinggradient lobessuchoscillating gradientsenhance thencoherentspin phase
shift accumulation fronthe spatially incoherent water displacement ocayy, resulting
in a maximal signal loss in the vosedf interes. Whereas, particles not experiencing
displacement would be dephased during the positive labésequally rephased during
the negative lobes, thereby achieving a phase shift of zero and no signal change.

The LEI technique has successfully been used to detect electrical activity in
various phantompi0-42] and in the human median nenvevivo[16] , which represents

a promising step towards its application for detecting neuronal activity in the brain

1.3. LEI progress inexperiments

LEI was first introduced by Song and Takahashi in 2004 study ofelectrical
currentpulsesappliedto a copperwire embedded in aylindrical gel phantom. Using
opposing gradient lobes, an encoding gradient applied before the current pulse and a
decoding gradient applied after the putbey detected aareaof signal loss surrounding
the wire that could be widened by applying higher currentgth the direction of
wideningin the direction of the Lorentz for¢dQ] (Figurel.7 andFigurel1.8 below). The
phantom was 3 crim diameterand5 cm inlengthwith a soft stranded..5 mm diameter
copperwire inserted horizontally acroske phantomexternallyconnectedo a square

wavepulse generatoiThe LEI experiment was performed usad T small bore magnet

12



with x-axis encoding and decoding gradisnwith strengthof Gy = 50 mT/m andobe

duration ofT =2 mscs

Figure 1.7: First results of LEI in a gel andcopperwire phantom

From Songand Takahasi001[40]. Axial LEIl images of &3 cm diameter 5 cm length
cylindrical gel phantom with an inserted.5 mm diameter strandedopper wire
connected to a square pulse generatbe four images shawfrom left to right are with
applied currents oA. 0 YA, B. 100 pA,C. 200 pA, andD. 500 pA. The signal loss along
the central axis ofA is due to thepresnce of the wire, with a gradual widening of the
central gapin B-D caused by the increasing invaxel dephasing fronthe Lorentz
force-induced spatial displacement
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Figure 1.8: LEI signal profiles from the gel andcopperwire phantom

From Song and Takahashi 20040]. Collapsed signal profiles of the LEI images from
Figurel.7 showinga central dipwith gradual wideninglue to stronger Lorentz effects as
the current was increased from~®00 pA, with the direction of widening toward the
anterior part of the phantom, indicating the directiothefLorentz force.

In 2005, Basford etl. studied Lorentz force induced motion in conductive
physiologic media under an MRI magnetic field47] using a nagnetic resonance
elastography (MRE)rotocol. MREis an MRI technique that usesotion-sensitized
time-gatedphase contragb image mechanically induced cyclic displacements as small
as 0.1 um[48-51]. The MRE protocol shown belovis similar to the LEI protocol in
Figure 1.6, with oscillating gradient pulses synchronized to trigger pulses, except that in
MRE the trigger pulses control a pulse wave generator used to create mdachatima
via an actuator coil versus the LEI protocol current pulses are applied directly to the

subject to create laorentz force
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Figure 1.9: MRE protocol used to detect displacements as small as 0.th

From Muthupillai et al. 199448]. In this magnetic resonance elastography (MRE)
protocol notion-sensitizing oscillating magnetic gradients are applied between
radiofrequency RF) excitation andacquisition and are synchronized to triggering of an
actuator inducing motion in thenaged gelGel displacements as small as Qrh were
imaged usinghis technique.

In 2005, wing an MRE protocol in a 1.5 T scanyiasford et al. acquireidhages
of Lorentz force induced motion imomogenou$25% NaCl2% agar and®25% NaCl 18%
bovine gelatimand nonhomogeneousiyeringof 0%-0.9% 0% NaCl 2% agarslabg gels
assembled in 42.7%10.2%4 cm acrylic mold[47]. The Lorentz force wamtroduced
by applyingalternating sinusoidal currenfS0 V, 100 Hz)via gold leaf electrodescross
the gelsunder the scaner ' s ma g tneall icases, fam alterdating pattern of
conductive gel displacemewtas observed6575 um in amplitude, perpendicular to the
plane of the sample when the current was applied perpendicular to the magnetic field,
while a random motiopatternwas observe@hen the current flow was absent or parallel

to the magnetic field47]. This studyshowed thatlectrical currentsn a physiologic
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conductive mediaunder an MRI magnetic fielccreatel displacementsthat were
consistent with the direction of the Lorentz fo{dex B) and on a scal5-75 pum)that
was detectable using MRI

Displacementsn MRE may becalculatedby rearranging the equation describing

the observed phase shiittheMRI signal[48]:
d=p g2 nFGcogkx +) (1.1)
In this equationd is themaximum displacemenx(t) is the position vectok is
the wavenumber,d is an initial phase offsey is the gyromagneticatio (4257x10°
Hz/T), nis the number of gradient cycleB,s the period of mechanical excitatioh £

21y sec$, ¥ is the frequency of mechanical excitatidtiz], G is thegradient strength

(T/m), and 7 is the experimentallyneasured phase shiftg].

In 2006, Truongand Songshowed LEI in vivoin the human median nervéhey
applieda series of sub motor threshold (8.7 mA) current pulses at the wrist of a
human volunteer in a 4 T whole body scanner using a LEI pulse sequence with gradient
oscillations of strengtG = 36 mT/m and lobe duratioh = 5 msecg16]. In this study,
square current pulses of 1 msec duration were matched to the beginning of each of the
negative lobes of three oscillating gradients during the stimulator on periods, alternated
with the same conditions and the stimulaitir They were able to detect a relative signal
loss of ~4% for the stimulator on versus off periods and showed an activation map that

corresponded to the anatomic location of the median h&6y¢Figure1.10 below).
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Figure 1.10: LEI activation map showing neuroelectric activityin vivo along the

human median nerve

From Truong and Song 20086]. The activatiormapwas obtained using three cycles of
oscillating gradient§G = 36 mT/m,T = 5 msecs)and sub motor threshol@lectrical
pulsesapplied at the wrissynchronized witteach ofthe negative gradient lobes. Map is
overlaid on ceregistered anatomical images. The discs represent the electrodes placed on
the dorsal top) and ventral jottom) sides of the wrist. The arrow points to thedian

nerve.

The in vivo activity map above from LEI is superior to the BOfMRI map
based on the timescale of the signal response to the undestymgus period as shown

in the figure below

17



A 5 104 Immediate recovery
g :85 ! to baseline after
i 98| stimulus period
& o |
& o4 Immediate drop
g 92+ in stimulus period
e 90}
= 88

0 20 40 60 80 100 120 140 Time (s)

BOLD-fMRI

O
o

w== +BOLD

=== -BOLD
\ Delay from blood

flow increase

Undershoot from

MR Signal Strength (% change)
o

L]
—

O, consumption
20 40 60 80 100 120 140 (sec)

o

Figure 1.11: MRI signal time response of the LEI vs. BOLDfMRI

A. From Truong and Song 20086]. Time response of the spatially averaged LEI signal
(shown in Figure 1.10) from submotor threshold stimulation of the median nerve.
Stimulus periods are outlined in greyElLsignal drops almost immediately with onset of

the stimulus period, and recovers to baseline immediately after the end of the stimulus
period. B. From Whittingstall et al. 200811]. BOLD-fMRI signal averaged over a
region of interest within the contralateral visual cortex after a visual stimulus if displayed.
Stimulus presentation periods are outlined in grey. Black arrows point te@se=&nd

delay betveen the onset of the stimulus period and the peak of the BOLD signal due to
time required to increase blood flow. There is also an undershoot after the end of the
stimulus period due to oxygen consumption increagargpusdHb.

In Figure 1.11A above the LEI signal shows an immediatehangein relative
signal of about 6% followed by an immediate return to baseline at the end of the stimulus
period whereas the BOLBMRI signal time response ifrigure 1.11B shows a relative
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signalchangeof about 1% that is delayed byGbseconds in peak onsater the start of

the stimulus perio@ndhasan undershoot before returning to baseline at the end of the
stimulus periodTherefore thee is less dlay andbettercorrelation with the underlying
on/off activity of the neural response the LEI sgnal compared to the BOLEIMRI
signal Although the signal strength cannot be compategtween thd_El signal which

was acquiredrom anthe response of geripheral nervelue to an applied curreahdthe
BOLD-fMRI signal which was acquired from a regiaoof interest in the brain due &
visual stimulusthe differing time responseés significantandindicatesthe relative benefit

of LEI over fMRI.

The demonstrated success of Liklvivo in the human median nerveace the
study of LEI promising.However, further study using more simplified models was
warranted to understand the underlying LEI contrast mechanism and help optimize LEI
protocols for future use based on the contrasthaeism.

In 2005, Truong, Wilbur, and Songerformeda proof of conceptstudy to
evaluate the sensitivitpf LEI for straight and randomly orientezirrentsconducted
through carbon wires in a 10 cm diameter spherical gelatin phaiiteencarbon wires
helped reduce detection of the wire themselves seen in previous expeljid@ntssing
a 4 T wholebody MRI scanner and a shielded quadrature birdcage hdamhdoan LEI
pulse sequencesimilar to that depicted ifigure1.6) with n=15,G =40 mT/m,T=2
msecs square current pulsesere appliedo the wires connected in parall&Vith this
setup,meansignal lossesip to B% were detectedfor the randomlyoriented electrical
currents on the order of microampene@#h a temporal resolution on the order of
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milliseconds[41]. They concluded thahe Lorentz forcdrom the current in thevires
caused an incoherent displacement of the water mo&eduoleghe surrounding gel,

resulting inthe observedignal losq41].

O pA 5 pA 10 pad 20 pA 50 pA 100 pdy 200 pA 500 pA

125

1nm o5

10 20 50 100 200 S00pA

Average signal loss (%)

Figure 1.12 LEI of a gel phantom with randomly oriented carbon wires

From Truong, Wilbur, and Song 26(41]. LEI signal loss dependence on current
density for radomly orientedcurrents A. Selected region of signal images acquired for
different current strengthén the dotted region of the phantom outlined in
Difference images between that of A and those acquired with zero c@r&ignal loss
averaged oar the region shown in BD. Schematic of thelO cm diameter spherical

gelatin phantomwith randomly oriented carbon wires connected in parallel to a square
pulse wave generator
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The LEI contrast mechanisiin thar studywas described theoreticall¢1] using
a cylindrical currentcarrying conductooriented along the y axis, placed in a magnetic
field oriented along the z axis, surrounded by a homogenmsouspic, and linear elastic
medium They described that theesulting Lorentz force, oriented along the x axid an
proportional to the current and the magnetic fielshduces a displacement of the
conductor, lading to a spatially incoheremtisplacement of the surrounding elastic
mediumin the samedirection Based on the elasticity problem using the Lorentz fosce a
a body forcan a cylinderthat deforms the surrounding water molecutbsy derived a
mathematical expression for the ratio of signal intensity with and without the Lorentz
effect Using their calculationghey showed that the phase shifreating sigal loss)is
directly proportional to theorentzforce inducedlisplacement41].

In 2008, Roth and Bassercreated a mechanical model of neural tissue
displacement to theoretical solve the elasticity problem foerae carrying an action
current[52]. Theywanted to study than vivo median nerve results of Truong and Song
using the proposed contrast mechanism involving the elasticity from their phantom model
paper[16]. They gproximated that the Lorentarce indued nerve displacement in the
in vivo median nervexperiments couldnly generate phase shifts of up to 0.1%, which
is too small and diffuse to be measured using V82]. In addition,they argued that this
displacement spreadhroughout the entire tissue, which dephagass throughout the
armandnot just near thaerve thereforemaking localization of the nendéfficult [52].

In studying LEI contrastgel and wire phantoms usingetal or carbon wires
carryingelectron currents do not have the same properties as neurons with ionic currents
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and therefore a better modeas needed for furthestudy. h 2008Truong, Avram and
Songcreateda spherical electrolyte solutiefilled phantommodel with ionic currents as
opposed to currents through a wi@ study the underlying LEI contrag42]. They
appliedsquare current pulses to wires that were placed just inside the phantom instead of
all the way through, and showed tliae Lorentz force from an electromagnetic field
could alsogenerate a force on ionurrents inthe solution [42]. A diagram of the

experimental phantom model of Truong et al. is shown below.

12 cm

2.8 g/l CuSO,
¢ =1405/m
R=10°Q

10 cm

Figure 1.13: Electrolyte phantom imaged in LEI experiments

Diagram of the central slice of a 10 cm diameter spherical electrolyte phantom filled with
2.8 g/l CuSQ solution within a 12 x 12 cm MRI viewing domaiWires were inserted

into the left and right ends,ithh a current | applied by a square wave current pulse
generatoPhantom properties include intelectrode resistand®@ = 10° Q ,homogeneous

i sotropi c c on duaodmagnetiapgrmenbiligi, =1-%1D° FBmM. m,
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The theoretical explanation included in this sts@yulatd ion trajectoriesising
experimentally derived mobility values and showed the trajectories fories sd#rions
moving throughan areaof the phantomthat matched the areaf signal loss in the

experiments

Figure 1.14: LEI of ionic currents in CuSO4 solution

From Truong, Avram, and Song 200&7]. LEI of a CuSQ filled phantom with wires
inserted into each end applied to a square wave current pulse ge(sefigure1.13).

A. Experimenal signal difference image using an LEI pulse sequence with 5 mA current
pulses matched with three cycles of oscillating gradients with strength of 9 mT/m and
lobe duration of 10 msecB. Simulated trajectories of a series offCand SQ* ionsin
soluion subjected to the LEI experimeturrent pulses

The theoreticakimulationin Figure 1.14B only showed ion trajectories amtid
not describe the relationship between thesiand water displacemenlso, in 2010,
Wijesinghe ad Roth argued that their simulations uéégh ion mobility values, which
when corrected to standard values led to undetectable displacements and a diffusion

pattern that did not match the experimental re§@4s It was suggestedhata different
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mechanism, magnetohydrodynamically indufled/, could be significantly affecting the

MR signal in this problem, therefore warranting further theoretical investigé@#pn
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2. Modeling LEI contrast

To understand LEI contrast, we theoretically and computationally explored
several Lorentz force mechanisms. As an experimental compé&rvatour models, we
used the results of the electrolfiked phantom experiments of Truong et[@2]. These
experiments were selected for the initial study of Ld®htrast because they were
performed in a controlled environment that was relatively easier to model with fewer
confounding factors than thia vivo experimentg16], and produced twdimensional
images with available signal data that was more readily comparable and, if needed,
repeadble. In addition, it was determined that neurons with ionic currents behaved
differently than electron currewarrying wires and could not displace mechanically
enough to produce a phase shift detectable by[2%I To understand LEI feasibility in
the context of ncMRI, it is my be moreappropriate to look at the results of the
electrolyte phantom rather than those from electron currents through,eowgerrents

applied along a peripheral nerve

2.1. Computational model of an electrolyte phantom

For all the computational models we used to explore LEI, we created-a two
dimensionalfinite difference modebf an electrolyte phantom based on the experiments
(Figure 1.13). In the LEI experimentsthe central MRI sliceof a 10 cm diameter
spherical phantom was imaged within a 12 cm x 12 cm square viewing d@viain

slice thickness of 5 mnf42]. The phantom has two opposing electrodes at the left and
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right ends, modeled as point sources which generated an electrical potential distribution
within the phantom. The viewing domain outside of the phantom was air, irtstriame

the electrical field within the phantom, with no magnetic properties.

2.1.1. Model assumptions

To compute electrical potentials and fluid dynamics within our computational
model of the phantom we used numerical methods basad@ometricabpproximation
andan electrodepproximation A geometrical approximation of the central MRI slice of

thespherical phantom was made using the central slice of a cubical phantom
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3-D phantom experiment 2-D MRI slice

Circular

Spherical gl

slice

phantom

Computational model 2-D MRI slice

Square
Cubical phantom
phantom slice

Figure 2.1: Formation of the computational model phantom domain

A 10 cm spherical phantom and dscular central MRI slice were simplified to a 10 cm
cubical phantom witta square central slic€€omputational model results outside of the
central 10 cm circle were cropped before image displagdtch the experimental results
display.

Representing the phantom as a square simplified the solver method in most cases.
Compared to a round phantom domain, computing within a square changes the spatial
distribution of signal loss, especially near theneos, but the overall scale of signal loss
should not be greatly affected by this approximation.

An €eectrode approximationwas also made based ohetdesign of the

experimental apparatuslectrodesto mimic point sources. Realistically the electrodes
27



were stripped copper wires 2 mm in diameter that extend 4 mm in length into the
phantom, inserted through small holes that were sealed witlkoratucting glue. In the
computational model however, we designated true point sources at the left and right ends
of the phantom and computed electric potentials and the electric field at points within a

finite difference grid (seégure below).

12 cm

B=4T
T*R/2 = @,

128 x 128 voxels
4 x 4 grid points / voxel
512 x 512 grid points

Ll
ENEEEEEEEEEEEEENEENEEEEN]

+HFinite difference grid 1+

@, = +I*R/2

[

g |

Figure 2.2: Computational model representation of a square electrolyte phaom

Square crossection of the central slice (5 mm thickness) of a«I® x 10 cm cubical
phantom placed within a 212 cm field of view of an MRI acquired2 image. The
phantom domain is a 18 10 cm central square (lighter shade) with igkerctroe
resistanceék based on the corresponding experiméséeFigure1.13). The remainder of

the viewing domain (darker shade) is modeled as air with no electrical or magnetic
properties. Poi nt si;@awnrdcasbcoenputed hased dhaend theo t e nt |
applied current, with a ground of zero potential placed at the center of the phantom. The
magnetic fieldB is oriented out of the pageth strength of 4 TElectrical potentials and

fluid dynamics variables for the inne® X 10 cm phantom domain are computed using a
512 x 512 finite difference grid.

Modeling the electrodes as point sources with no electrode electrolyte interface

has an effect on the results that will be discussed after the results are shown in4Chapter
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2.1.2. Computing the electric field

Based on the applied stimulus curresttength (I) and the interelectrode
resistancéR), we compute electric potentials{ ;) of the point sourceand areference
groundpotential(®, = 0) is pla@d at the center point of the phantom donfaeeFigure
2.2).

P, = +H*R/2, andd, = -I*R/2

In this equation®; is the potential at the anode afid is the potential at the
cathode for the two electrodes (point sources) usedédotiourrent across the phantom
(direction of current flow is oriented left to right for positive current strengitis).three
known grid point potentialé®;, », ® a g dre uBed as Dirichlet boundary conditions
within the phantom numerical solver medho

Assuming a balanced electrolyte with uniform current density (net charge equal to
zero)we applLapl ace’s equation to solve for
within the phantom slice at finite set of (512 x 512) grid points.

SD’F 9

In constructing our numerical methode wse a connectivity matriM to describe
the Laplacian of thevector i of electric potentialfor all grid points within the
computationamodel, wheré denotes the zero vector.

MO =0

We removethe three Dirichlet potentialsom U to computeunknown potentials

in the new vectodl . We computehe cortribution of the Dirichlet potential pointgo the

Laplacian othe unknown potentigloints and add them tthe zero vector to forna new
29
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right hand side vectoB. We also perform column and row elimination on the
connectivity matrixto form the new corgctivity matrix M' to derive the Poisson
equation below.
M'Q '=

This Poisson equatioimcorporates sources within the phantom aas$ used to
compute electric potentials tn', after which the knowirichlet potentials were added
back to reform the full vectoli of electric potentials at every grid point in the
computational modelVe then alculaed the electric fieldectorE at every grid poinais
the gradient ofhe scadr electricpotentiald.

E=-D

An alternate method of computing the electric field distribution is to compute the
electric potentials from the injectedirrent density in the phantom using the cuséatic
appoximation of Maxwell's guation describing he di stri buti on of el
in the volume conductor Q of <condeosaytdj vity
describedy thefollowing Poisson equation

ntod) n@ in Q

A Neumann boundary conditiciwn & , 6rO is typically paired with this solution
descriling that the currentlensity directedhormal to the boundary surface is zefbe
experimental phantom was filled with a 2.8 g/l CuS0lution with a homogeneous
isotropic conductivity ofti = 140 S/m. Thereforeghe current density and electric field
within the phantom are proportional and can interchangeably be solvbdsed on the

following equation
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J=SE

In aphantomwith anisotropic conductivity, a conductivity tensor must be used to
compute the potentials in theoiBson equation. In @hantomwith inhomogeneous
conductivity that is spatially dependenthe boundary conditions must be modified to
solve for the potential distributions separately within each boundary of the regions with
differing conductivity and thecurrent density and electric field will no longer be
proportional throughout the phantom.

Solving for electrical potentials or current density within a spherical or circular
space will alternative require different boundary conditions (and sphericalmai@s) in
our numerical solver. It will also preclude our use of the finite difference method due to
the error from using square grid spacing with a stepped circular bounttay is
compoundedver the duration of the LEI protoc@nd caugs an artifact of signd loss
uniformly aroundthe boundary of the phantofmot shown).This artifact can likely be
prevented using triangular mesh elementd a finite element solvemethod. However,
the NavierStokes numerical method wiseis based offinite differendng andtherefore
computing electrical potentials usintpe square domain and croppingethod we
outlined ispreferrecto prevent thddoundaryartifact

The electrical potentials computed using our methods withénphantom are

shown in the figure below.
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Figure 2.3: Electrical potentials within the computational phantom model for
current strength of 5 mA

Contour plot of the electric potential with the current stuimwn, showing a range of
potentials from +2.5 V te2.5 V for an applied current strength of | = 5 mA using the
model geometry inFigure 2.2. Electric potential with the currentimulus off was
uniformly zero.

The electrical potential distribution within the phantom is subsequently used to

compute the electrical field and Lorentz fonc@ur computational models.

2.2. The Lorentz effet in electrolyte solutions

To comprehensively explore potential LEI contrast mechanisms in electrolyte
solutions or physiologic tissues with ionic currents, i.e. neuronal tissue, we defined

primary ways in which the Lorentz force could generate forcéseilectrolyte phantom
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with applied current under a magnetic field. First, the Lorentz forceoactharged or
polarized particles in the presence of an electromagnetic field and can be defined as
follows:

FL=Fe+Fg (2.1)
where he Lorentz forceF., is thecombination ofan electric forceFg and a magnetic
force Fg due to the presence tife electrichand magnetic field respectively. Secondly,
the Lorentz force can generate particietion based on the nature of the particle being
studied. The LEI contrast mechanisms explored were defined as followsith regard
to potential Lorentz force interaohs in an electrolyte solution under an electromagnetic
field.

Table 2.1: Potential Lorentz force interactions within the electrolyte phantom

The Lorentz force interacts with:
1. Electrical currents = Hall effect
2. Charged ionsin solution= lon flow

3. Conductive fluids= Electromagnetohydrodynamic

2.2.1. Lorentz effect on electrical currents

Also known as the Hall effe¢63-55], the Lorentz forcgenerated by magnetic
field perpendicular to a current stream in a volume conductor will exert a force on the
current paths, thereby distorting their shape

F 1B (2.2)
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The Lorentz forcek, , is proportional to the strength of currér@nd the magnetic
field B, acting in the direction of the cross pratlof those two vectors.iBtortion of the
volume current distribution in turn creates a potential difference or electric field within
the conductor that is perpendicular to both the current streams and the magnetic field
ordinary conductance experintsn anions and cations move in opposing aions
whereas the Hall curreeomes from a flow of cations and anions in the same direction
along themutually perpendicular ax[$3].

Based on E@®.2 thepattern of current distortion would be in the up and down
direction inour phantom model, and therefore consisteith the orientation of the
Lorentz force explaining the observed experimental repi#ls However, he Hall effect
is only easily observed in solid materials wd#re electric charge carriers have relatively
high mobility, such as electrons or holes passing through silicon. Since ionic mobilities in
electrolyte solutions and related substancesralaively small, the Hall currents are
assumed to be negligib[®4, 55]. Similar arguments have been made in experiments

using NMR to measure namiform current density ifonic solutiong 3§].

2.2.2. Lorentz effect on ions

The Lorentz force generated each charged ions iran electrolyte solution is

definedas follows:

F=R +fF ¢E qu B) (2.3)
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In this equationFe andFg arethe electricand magnetidorces (in Newtons,N),
respectivelyqg is the electric chargen(Coulombs, ¢ of the ion,E is the electric fieldif
Voltdmeter, V/n), v is theion velocity (n meters/secondn/s), andB is the mgnetic
field (in Tesla,T).

For the ionic currents described Byuong et al[42] to explain their results, an
assunption must be made about tredationship betweethefluid motionandion motion
since MRI measures the hydrogen spins of waleeir model shows ion trajectories
based on the Lorentz force but does not describe a relationship between the ions and
water molecules. Soluolvent interactions may be debed by the solvation shell and
coordination numbers for the iofs6]. To determine the maximal signal loss generated
by ion flow we overestimated the iemater interactions by assuming the -associated
water molecule displacement is equal to that of the ion, without adding mass or reducing
the Lorentz force induced acceleration on the ion. Based on the solvation numbers of t
simulated C& and SQ” ions [57], we used a range of 24 water molecules gp

simulated ion.

2.2.3. Lorentz effect on conductive fluids

Also known as electromagnetohydrodynamiE81dD), the Lorentz effect on
conductive fluidsassumes that all particles within a conducting fluid are acted on by a
Lorentz body forceff", in N/m®). This force is the result of an electric field crossed with
a magnetic field and is in the direction Bfx B with magnitudeJ x B, based on the

Lorentz force equatiofbg]:
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f*M =Jx B, whereJ= B+Vv x B) (2.4)
In this equation,] is the current densityi{ A/m?) and o is tnhe <con
S/m).We explored two methods of computing particle flow from this form of the Lorentz

body force: particle drift and EMHD.

2.2.3.1. Particle drift

A simple approach to approximating the direction and magnitude of EMHD flow
was introduced byVijesinghe and Rotim 2010, in the contextfeelectrolyte phantoms
under electromagnetic field84]. Based on accepted EMHD the¢B8-60], this method
assumes that all particles are moving in a free space and that the Lorentz force from Eq.
2.4 pushes the particles toward a terminal drift velocitging these principles, we
computed displacements from a force balance inherent in the equatiothefor

electromagnetidrift velocity (vp) of charged particles in free spdé&8, 60].
v, =E B/|8 (2.5)
In this equationB is themagneic field strength.To compute displacement, we
first computedhe magnetic damping timéy [58, 59].
T,=rl & (2.6)
In this equations is the fluid density10°kg/m®), o i s t he f{lMOui d co

S/m),andB is the magnetic field streng(@# T) based on the phantom experimgd®.

Thus, in all particle drift simulatia Ty = 0.45 sec.
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Next, the @proximationfurther assumed thalrift velocity is achieved by the end
of the magnetic damping tinj84]. Thus, eaclparticle velocityv achieved by the end of
a current pulse is based on the ratio between the current pulse TaeguodiTy:
v=v,T, /T, (2.7)
Il n our simul ations, using a forward Eu

velocity v = (v,Vy) at every time step in two dimensions as follows:

o (8
Vx (tk+1) = Vx(tk) + ByT
z'm (2.8)

OREORE: S

In the particledrift model, using the finite difference method at every grid point
within the phantom, we: (1) computed the electric field and drift velocity from Eq. 2.5;
(2) then computed the particle velocity using Eq. 2.8; and (3) finally computed the

particle disphcement and signal loss using the particle tracking method described below

in section2.3.1.1

2.2.3.2. Electromagnetohydrodynamics

We developed @old standardomputational moddbr studyingEMHD by using

= (N/m®) from Eq. 2.4, within théncompressible

the Lorentz force as a bodiprce,
NavierStokes equations to solve for thelocity field of a conductive fluid under the

influence of an electromagnetic fieldJnlike the particle drift model, this method
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accounts for a pressureaglient {p), a convective acceleration (nv), and a viscous

force €n?v), and assumes that the fluid is incompressible/(= 0) as follows:

rg%—\t/+v C")/Dg =p- @rw Y
C -

D:

(2.9)

—) ——)

DO &

In this equationy is the fluid density (1bkg/m® for water),p is the pressureir(
Pascals, Pg ande is the dynamic viscosity (10Pa’ s for water at 2&C). This model
assumeghat all particles within a conducting fluid are acted upon by a Lorentz body
force with dynamics described by the NavB&iokes equationghat temperature, fluid
density, and charge density are constant throughout the phantom domain over the MRI
experiment that there isno magnetization of the flujdthat polarization forcesare
insignificantcompared to the main component of the Lorentz foaoe that there isho

background flow.

2.3. Computing phaseshift and signal loss

In MRI, the pulse sequence is used ridially excite magnetic dipoles, mainly
protons of water molecules within thedy, and then the subsequent spins are detected to
produce an imag¢6l]. The subject is first introduced into a high magnetic field of
strength B after which ensembles of protons align themselves with the main field, which
can be regarded as nmeggization vectors rotating with a frequency proportional to the

strength of the local magnetic field, known as the Larmor frequggigyChanges in the

magnetic field from gradients | ead to dev
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precession frequency. In turn, a change in frequency results in accumulation gka pha
shift for that particle’”s spin once the
frequency returns to that of the baseline Larmour frequency. Ultimately, a sum of
incoherent phase shifts for a collection of particles in a particular voxel resuts
reduction in the detected signal magnitude for that voxel relative to the signal detected if
there were no gradient oscillations or particle displacements.

The Lorentz effects above ultimately give rise to particle displacement. For the
spatially incdnerent displacement of water, LEI is designed to generate incolpéase
shift among the hydrogen spins, which is detected as a signgligsdn theion flow
models, we assumed a subset of water molecules moving in conjunction with each ion,
whereas in the EMHD models we assumed bulk fluid flow where all fluid particles, both
ions and water molecules, moved together with constant charge and masg densit
throughout the experiment.

In a typical LEI protocol (Figure 1.6), oscillating magnetic field gradients are
synchronized to the frequency of the applied current such that the incoherent water
displacement caused by the electraetivity is maximized during the positive lobes and
minimized during the negative lobes, thereby enhancingllase shifaccumulation of
each particle spin, p, over the total oscillating gradient pefiodcompute the relative
LEI signal change fromdrentz effect induced particle displacement, we must determine:
(1) thephase shifaccumulated per particle based on displacement along the oscillating
gradients; (2) the signal contribution per particle basethephase shifaccumulagd at
detection;(3) the total voxel signal from all particle signal contributions in each MRI
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voxel; and lastly (4) the relative signal per voxel based on the signal in a reference case

with no applied current (I = 0).

2.3.1. Phase shiftaccumulation from displacement

In orderto computee a ¢ h  p a r phiase Ehdat detecsignwermust take into
account particle displacements along the oscillatiagnetiogradientsand determine the
resulting change in the pr ecUsisgstwodiferehtr e quer
interpretations of particle displacement we developed a particle tracking method based on
the Lagrangian interpretation of particle motion to compute displacemephasd shift
while a Reynold transport method was developed based on the Eulerian iatenpraf

particle motion to directly compute phasaft.

2.3.1.1. Particle tracking method

From a Lagrangian interpretation of the flydrticle displacement we represent
all water molecule hydrogen spins in the model using a finite set of tracer pagicles
superimposed over the fluid dynamics finite difference grid and compute the time

progression of travel for eaghas follows.
t
X(t) = f’avdt *, (2.10

Xo denotes the initial position of eapratt = O (initially uniformly spaced) and v
is the particle velocityinterpolated from théluid dynamicsgr i d based on t he

position assuming changes linearly withx within each grid element. The accuracy of
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this method should increase as the FD and tracer grids are refined. We will initially place
at least one water molecule (n = 0) at the center of featd differencegrid element and
increase that number by'4i.e. 1x1, 2x2, 4x4, 8x8, 16x16, 32x32, 64x64, 128x128)etc
We determine an optimal tracer grid resolution when the overall mean fluid displacement
computed at the end of the first set of gradients changes <10% with the nexeimtreas
Using a smallaet a modified Euler method Torder accurate) is used to update
the positionof p at timet, = k adly assuming that particle velocity changes linearly with
during each time periogbt
In MRI, after excitation, applying magnetic gradient fields willusa the
magnetization vectors in different regions of the slice to precess with a spectrum of
frequencies determined by their spatial positions along the grad&ht63]. A time
varying gradients(t) applied after excitation causes transverse magnetization vectors to

dephase so that the tofgiase shifaccumulation of &chp at timet 7(t) is defined by

the time integral of its spin frequengy[62]:

FO=1 # (2.12)

In this equationy is a function of the magnetic field of strend@hexperienced
by p based on the Larmour equatietb, 62]:
w(t) = 8(t) (212
In this equationy i s t he gyr oma8l0°sadis/Efor hydrageno ( 2 1t *

[46]). We computethe particle spin phase shdihd the resulting signal loss based on

fluid particle displacements along the oscillating gradients of stre@gth (G, G)).
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Without gradiers, the magnetic field experienced pys constant and equal to that of the
main field of the scanner,oBso the central frequency, determiningphase shifis as

follows:
v = B, (2.13)
Applying linear gradients creates an inhomogeneodi®l8 that will changey

from ¥ by ¥r based on the location= (x, y) for eachp [62]:
w, = &B(t) Xit) (2.14)
wt)= w +ut) By G@ x(b) (2.15)
Substituting the expression above into Eq. 2.h&, équation to compel / for

eachp under a set of magnetic gradients becoaremtegral of the gradient dot product

with the particle displaceme8, 62]:

t ..
f(t)= ﬁBO () xO)d¢t (2.16)
To compue the relative phase shiftagh 7 (t) can be representex the sum of a
relative phase shiff,(t) (time dependent due to gradients) and a reference ghése

f, (constant, based an) [64]:
ft)y= £ +:@) o7

=) wit = gdt =By (2.18)

RO W 2 G ) x()d (219
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We evaluate the integral in EqQR.19 using a modified Euler method to

incrementally updaté, for eachpa c ¢ u mu | a t usidgv foon ¢he Na&ierStokes
solutions at evertk (from k = 0:n) as follows:
falte) = £) + 1D (xO,) x())/2 (2.20
This is the particle tracking method used to incrementally comfiuteased on
updates in displacement(ty+1). To derive an expression fof, based on updates in

velocity, v(tx+1), we use the equations of motion and velocities from the Navier Stokes
grid. For eaclp, its position is based on its velocity vector (vy V) over a known
period of timet, wherex, denotes its initial position at time= 0.
X(t) =vt «, (2.22)
Substituting Eq. 2.21 into Eqg. 2.19, we have the following expressiorf for

computation that includes particle velocity and initial posifie4].

RO )d = @) vlr) xpg (2.22)

To compute the incrementabsition vector values fqr at each discrete time step
tx (for k = On) o f It,e nvged hu sAe s u f tfta assumenthat igcrernemtal | | A
velocity has a linear dependence on time and compute the incremental position vector

components fop as follows.
X(t.,) = Hv(tk 4) V'(tk))/z X(,) (2.23
Using Eg. 2.23, the incremental computation/gf using the particle tracking

method with velocity updates in the form of Eq 2.21 is below. This form allows us to
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updatef, di rectly wusing the particle’”s current

Navier Stokes solution.

)+v(t,) O’
2 2

Fulte) = () +Cg§>é“k+l x(t) t (2.24)

2.3.1.2. Reynolds transportmethod

Reynolds transport theoreisused to apprarmate f, directly from fluid velocity

updates at a specified grid position without having to track particlesibhg an Eulerian
interpretation of fluidparticledisplacement along gradients of stren@tk (G, G;). For

ap deteced on MRI at positiox, ¥ and f; are deifhed in Eq. 2.14 and 2.18. Computing
the time derivative of Eq. 2.18 we have another definiitory as the change if, over

time.

dfy _
o i (t) (2.25)

Using Reynolds transport theorenfor all p passing through a regioA(t)

bounded by a set of grid peswith fixed positionxo = (X, Yo), the following is true:

d . df .. .~ .
— N FRIxdy= Al’ﬁ N v O A v dids (2.26)
dt Ap d

A(t)
Accounting for incompressible flow (D @ 6} in Egq. 2.25, we have the

following expression.

d . .
p N FEixdy= Wi /Y v axdy (2.27)

At) A
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Hence for 7, ateach grid pointthe following expression is true.

Lo~ ) + BO VO (229

We set the coordinates and velocitiestf@se grid pointsotbe the same asase
for the Navier Stokes finite differenggid. Using smalketand the forward Euler method

on Eq. 2.28/, is updated at each time step as follows.

falte) = £t) +tDx,0 #Pv(t )& (2.29

Comparing thi€ulerian form in Eq2.29 to the Lagrangian form in E8.24 we
note that the, hereareindependent of time based omdd grid points, whereas in the
Lagrangian formx(ty) vary over timeasthey track eaclp. In both forms the values of
change ovetime based on updates from tfieid dynamicsequatiors. In the Eulerian
form, the positionsat whichv updatesare fixed with values from thenite difference
grid, while in the Lagrangian form the positicstswhichv are updatedary with p and
have véues interpolated from thiite differencegrid based on their locatiomo further

compare the particle tracking and Reynolds transport methods analytrealsubstitute
a new timedependent distance paramexemto Eq. 2.20as follows.
X(ten) = (X(te 5) X))/ 2 %, (2.30)
falte) = £t) +tDgx,0 t € Bt,,) (2.31)
The timedependent positionx in the particle tracking methoq. 2.31 is

accounted for inhe Reyndlls transport methoéq. 2.29 by the product of the gradient of

f and a timedependent distance parametéty.1) set
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The final Reynolds transport method used to updtefrom Eq. 2.29 m two

dimensionss asfollows.

Falte) = () +1D(B% Giy)

o 2.32
+ D;mvx (k+1 ) ny (k-}_) ( )
c KX M

2.3.2. Signal contribution from phase shift

In MRI, the signalcontribution s for eachp detected at = nAt is basd on the

relative phasehift (f;)of t hat p @)randiadirheedependentpwieighting as

follows.

s()=m(pe’® =ngy &o® @O (2.33)

In this equationm(t) is the relative signal coefficient fpr dependent upon global
signal losses over time. We compute the total signal str&fgtheach voxeht detection
time t as the integral of the signal contribution frdfy. 2.33 forall p within the x-y
bounds of the voxel.

S()=f nfy) 7O &= dxd (2.34)

Xy

In evaluatingS we assume that signal losses over time outside of the Lorentz

effect for eaclp are the same in the case with or without gradients, mak{t)ghe same

for everyp detected. We also discretize the timeegralin Eq. 2.34to evaluatef,, for
eachp and compute the spatial integralxrandy over the voxel by summing evesy
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detected in the voxel, whef¢ is the totalparticles per voxeln is the total simulation

time steps beteen excitation and detection, ands the current time step

P -
S(9 = () &'9%' § expg -i &fr( 1) (2:39)
p=1 € kD

2.3.3. Relative signal strength

In the absence of gradientwe assume a homogeneous static main figjd

makingy constant for the reference voxel sigBalwhich is computed as follows.

S0 =f nfy) €7 dxd (2.36)
Xy
S()=Nn(} &'t (2.37)

With such a large mainHield, we assume that the distriban of N particlesper
voxel i's not affected by the presence of

relative signabg asthe percent change in the magnitud&oélative t0S.

’Z 1 (2.39)
U

In this equationni s t he number oft=tnuniedetsctioa agts o f

Y

e
aexpe Iaf (ty)

€ k®

SEak

timet.
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3. EMHD and patrticle drift

To better undrstand LEI contrast, we performed preliminary studieshef
particle drift andEMHD images and fluid dynamics described in the previous chapter
Both models are a representation of the Lorentz effect on a conducting fluid, but in the
particle drift modelparticles are assumed to move in a free space and fluid dynamics
forces are ignored, whereas in EMHD a full account of the fluid dynamics are
incorporated. The initial results will be used to compare the accuracy of particle drift in
estimating the partie velocity, displacement, and LEI signal strength compared to the
EMHD model. Also, the EMHD model will be explored in detaitieterminethe relative
contribution of eacltomponent of thdluid dynamicsequation (ignored in the particle

drift model)onthe overall flow fieldsand understand the EMHD effect.

3.1. Inter-model comparison methods

Implementation b the solver methodsand data analysisvas performed in
MATLAB v7.11. The implementedcomputational phantom mod&las based on the
central MRI slice ofa 10x10x10 cm cubical phantom within a 12xm square viewing
domain withslice thickness of .nmas shown irFigure2.2 and explained in section 2.1
For all simulations, an MRI image matrix of 128x128 voxels was used.

Represeting the phantonsliceas a square instead of a circle simplified the use of
a finite difference method for computing the fluid dynamiased on initial simulations,
compared to a circlghe square domain changed the velocity profilesarily near the
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corners, which- whenclipped-resulted in less than 1% mean difference in velocity and
displacement ngnitudes in the phantom domain. Thus, for our simulations, a square
phantom domain was used while ignoring results outside of the centcat dmete

circle to allow for a better comparison with the experimental regtijsre 3.1 below is

a representation of the modified circular phantom, a contour plot of the electrical
potential distribution in the phantom, and the LElspusequence used for all EMHD

model simulations.

Guce A

| U U u N
—AAAAAAAAAAR, —
| 'RUR'RY L Uy
acq —

current

Figure 3.1: LEI protocol used in the computational models
Pulse sequencaiagramadapted fronthe correspondind-EIl experiment[42]. Applied
current pulsesvere synchronized to the positive lobe dftekn gradient oscillations.
Computational model gradient lobes were rectangular rather than trapeGaient
strenghs of G (Gphasg = Gy (Greadou) = 36 mT/m were used.

The modeledphantom domainKigure 3.1A) has two electrodes at the left and
right poles with opposite polarities, whielne modeled as point sources using Dirichlet
boundaryconditions.A no-flux boundary conditions imposedat all other points along

the phantom doain boundary. The phantorilled with a 2.8 g/l CuS@solution, hasa

homogeneous conductivity éf= 140 S/m, an inteelectrode resistance &= 10° Q ,
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and a nagnetic permeability ofi, = -9*10° H/m. Based on the applied stimulus current
(I =5 mA), the interelectrode resistande used to compute the electric potentials A=

+ 1*R/2) of the point sources, and a grouid< 0) is placed as a reference pdiahat
the center point of the phantom domain (Begure 3.1B for a distribution of electrical
potentials for a 5 mA stimulus current). The viewing domain outside of the phasitom
considered to be air, insulated from the eleatrfield within the phantom, with no
magnetic properties, and given a reference signal stren&§h 0f

An LEI protocol from the phantom experimentgure 3.1C) was used for our
model simulations, witlm = 15cycles of osclating gradientwith lobe duratios of T =
2 msec andamplitides of G = 36 mT/m, applied with the positive gradient lobes
synchronized to the currenn periods. Model gradient lobedsiring the simulationsra
rectangular rather than trapezoidal for sirfigation.

Implementation of th&MHD solver methodo compute fluid velocitys adapted
from MATLAB codefor solving the incompressibMavierStokesequationsdeveloped
by Seibold and published by Straf@b]. This method uses finite differencing on a
staggered grid with implicit diffusion and ah@in projection method for updating
pressurewhere velocity is serially updated for each term at every time $tepsolver
methodis modified from use of the neimensional NavieStokes equations to the
dimensional form shown in EQ.8 using Sl uni$ with density; and viscositye instead
of a nondimensional Reynolds number. In addition, the Lorentz fdf¢efrom Eq.2.4,

is added as an electromotive body force in the velocity update at each time step, thereby
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completing the EMHD force balanc®ewriting Eq. 2.8 the equation used in our
computational solver method to update fluid velocity at each time step is:

oLt v 07w B p (31)
Dt r r r

Our solver method described above computes velocity changes over each time
step using a series of updates from each term on the right haraf Eige2.38. The time
step used for ta0.002sed which ia 1000x ansaller tlsan the current
pulse period and produced results that were convergent and relatively unchanged for a

10x smaller time step (< 1% mean relative change invglocin nd di spltacement

0.0002 sec).

3.2. Study of EMHD flow results

To understand EMHD flow, we first studied electromagnetic drift theory to
approximate the direction of Lorentz force induced flow for the circular phantom based

on the drift velocity in §. 2.5.
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Figure 3.2: Lorentz force induced flow velocity from electromagnetic drift

Coordinate axes directions are indicated by +x, +y, and +z. The magneti®Bfieddn

the +z direction. The electric fag E, is depicted using dotted lines and trends in the +x
direction. The direction of Lorentz force follows the cross produé »B, which is the
same as the electromagnetic drift flow velocitywhich trends in they direction.

In Figure 3.2 above, the Lorentz force induced flow trends downward and is
relatively perpendicular to the phantom boundaries. In the particle drift model, which
lacks adequate boundary conditions or other forces, it is difficult to predict thé actua
particles’ movement and where the particl
boundary effect and the magnitudevaflocity, displacement, and signal lof®m the
above depicted Lorentz induced flow, we use the particle drift model with Reynold
transport method based on the phantom and LEI protocol parameters depl€igaen

3.1 and report the results fable3.1 below.
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Table 3.1: Particle drift model mean and maximal velocity, displacement, and
relative signal changefor 5 mA current pulses

Mean Max

Velocity at the end of | 0.30m/s | 20m/s
the final current pulse
Displacemenat the end| 0.92 cm | 62 an
of the final negative
gradient lobe

Relatve signalchange | -23% -100%
at detection

Compared to the Reynolds transport method results above, using the particle
tracking method in the particle drift model achieves similar flow velocity values from the
fluid dynamics finite difference grid (mearf .12 m/s, maximum of 20 m/s) but with
mean and maximglarticle displacementpproximately 10x lowefmean of 0.024 cm,
maximum of 7.4 cm). The mean and maximal relative signal changes with the particle
tracking method (mean e18%, maximum 0f96%) ae similar to those of the Reynolds
transport metho@Table3.1).

For comparison, an estimate of the particle drift velocity was previously made for
this experiment by approximating a uniform 50 V/m electric field perpendicuatd
magnetic field, which produced a drift velocity of 12 84]. Using Eq. 2.5 and Eq. 2.7,
the particle velocity after one pulse of the 50 V/m uniform field can be estimaie@bt
m/s. After 15 pulses the estimated final particle velocity is 0.81 m/s.

In the particle drift model siglations using Reynolds transport method, the
electric field was nowniform with magnitude at grid points within the phantom having a
mean of 17.66 V/m and maximum of 1197 V/m, generating a mean final velocity of 0.30

53



m/s, and maximal final velocity of 2fh/s (Table 3.1) amongall voxels within the
phantom.

These represent a range of velocities approximately one order of magnitude above
and below the electromagnetic drift estimate from the uniform 50 V/m field. Final
displacementn the phantom from the particle drift model has a mean of 0.92 cm and a
maximum of 62 m, while the signal change achieved has a mean of 23% loss and a
maximum of 100% loss among all voxels within the phantom. Thus we expect the
electromagnetic drift estiates using a uniform field would be associated with a
displacement and signal loss within these ranges.

To determine the effect of the oscillating gradients on velocity and displacement,
we explored the dynamics of mean flow velocity and displacement teerfull
simulation timeusing the particle drift wdel with Reynolds transport method dodr

particles per voxel.
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Figure 3.3: Particle drift model mean velocity and displacement over time

Mean velocityand displacement computed among voxels within the simulated phantom
for the LEI protocol inFigure 3.1 using the particle drift model show&: mean velocity
linearly increasing over the curreom periods, while remaining flatudng currentoff
periods and. mean displacement increasing quadratically over the entire simulation.
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In the particle drift model, the mean flow velocity within the phantom linearly
increases during the curreo periods and remains relatively flat dwgicurrentoff
periods Figure 3.3A) consistent with electromagnetic drift thed®8], while the mean
particle displacement withithe phantom increases quadratically over the course of the
entire simulation time Kigure 3.3B). From Table 3.1, there ultimately is a detectable
signal loss in the phantom (threshold for detectableasigss for all simulations is set at
relative signal change 4).

We also explored the dynamics of mean flow velocity and displacement over the
full simulation time forthe EMHD model with Reynolds transport method and four

particles per voxednd will diompare them to the results of the particle drift model.
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Figure 3.4: EMHD model mean velocity and displacement over time

Mean velocity and displacement computed among voxels within the simulated phantom
for the LEI protocol inFigure 3.1 using the EMHD model show#. mean velocity
rapidly increasing to a steady state value over the cuoremeriods then rapidly
decreasing back to zero during currefftperiods and. mean displacement increasing
linearly over the current on periods and remaining flat during the current off periods.
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In the EMHD model, the mean flow velocity within the phantom increases rapidly
toward a steady state value during the curoenperiod and remains relatively flat, then
rapidly decreases to zero during currefitperiods Figure 3.3A). The mean particle
displacement within the phantom increases linearly during the cumeperiods and
then remains flat durg currentoff periods Figure 3.3B). In the next chapter we will
explore how these dynamics contribute to relative signal changes in the EMHD model.

To better understand the full distribution of velocity, displacement, and signal
change within the phantom beyond the mean and maximum values, we evaluate the
simulation images. In this chapter we will assess the results of the particle drift model

with Reynolds transport method.
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Figure 3.5: Particle drift model maps of the electric field, relative signal change,
velocity, anddisplacementfor a 5 mA current pulse

A. Contour plotof the electric field magnitude (V/m) with streamlinsBowing aleft to

right direction Mean and maximaglectric field magnitude is reported Trable 3.1. B.
Relative signal change (%) detected in the particle drift model simulation, showing areas
of signal loss expanding out from the electrode locati@n€ontour plot of the veloty
magnitude (m/s) with streamlines and arrows indicating flow directimasding
downward Mean and maximal velocity magnitudereported inTable3.1. D. Contour

plot of particle displacemer(im) with streamlines and arrovuending downwardMean

and maximatisplacemenis reported inTable3.1.

We see a symmetric result for the electric figkdg(re 3.5 A), velocity map
(Figure 3.5 C), and displaement map Kigure 3.5 D). Notably, we also observe a

symmetric relative signal change from the particle drift simulatibrgu(e 3.5 B), which
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has a similar mean and maximal order of magnitdadle 3.1), but does not match the

distribution of the experimental resul&2].

For an explanation, we compare these result images with thobe &MHD
model shown next, and assess the relative effect of each component of the EMHD model
in Eg. 2.39 on flow compared to the particle drift model approximation of flow in Eq. 2.8
which ignores these other effects. Using the phantom and current stiparameters
depicted inFigure 3.1, we compute the phantom velocity field, and mean and maximal

velocity magnitude after each update step (order depictédale 3.2 below) for the first

simulationtimes t e p

using the Reynao40b82nsacansport

Table 3.2: Fluid velocity updates for each term in the EMHD model

Order of computing velocity updates from each EMHD model term in Eq. 2.39 and th
resulting mean and maximal velocity in the phantom after one time step (0.002 msec)

Order Term used| Definition of EMHD Mean and max velocity
updated | to update | component contributing | magnitude in the phantom
at eta velocity to flow velocity after eachupdate (m/s)

1. em mean: 039
1 +—f Lorentz force

r max:20

. _ _ | mean: 41
2 -v Ovf Convective acceleration
max: 150

m , mean: 1
3 +— Bv Viscous force

r max:0.31

1 , mean: 0.62
4 -— 1p Pressure dient

r max:0.37
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Comparedto the results of theparticle drift model simulations, wstudy the
change in the distribution of velocity, displacement, and pressure in the EMHD model
phantom after each of these term updates for one time stef.QD2 msel; shown in

Figure3.6 below.
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Figure 3.6: Direction and distribution of flow velocity, displacement, and pressure
after updates from each component of the EMHD modeldr a single time step
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Mean and maximal velocity magnitudaier each update step are reportedable 3.2.

A. Contour plotof the velocity magnitude (m/s) with streamlines and arrows indicating
flow directionsdue to the LorentZorce updatelLargest velocity contour regions are
around the two electrode®©f note, flow direction trends downwarand relatively
perpendicular to the phantom boundarigs Velocity plot after update for convection
shows an increase in overall velgcihagnitude but not in direction relative ta 8.
Velocity plot after update for viscosity shows a significant decrease in maximal velocity
magnitude relative to A and B, with the high velocity contour regions around the
electrodes and the center of thieaptom Streamline directions are grossly unchanged
from A and B.D. Velocity plot after update for pressure shows increase in maximal
velocity magnitude with similar high velocity contour regions around the electrodes and
in the center of the phantom rel@ to C, but with new low velocity contour regions at
the top and bottom. Of note, there is a shift in streamline directions trending more parallel
to the phantom boundaries relative to A, B, an& (Plot of displacement magnitude (m)
with streamlinesafter update for pressure shows highest displacement in regions around
the electrodes, with streamline trends similar td-DContour plot of pressure showing a
pressure gradient from bottom to top opposing the general flow direction in C,
correspondingad the low flow contour regions in.D

The Lorentz force induced patrticle flow velocity in the EMHD model in the first
time step Figure 3.6A) generally trends downward as from electromagnetic drift theory
(Figure 3.2), and has the same velocity magnitude distribution and flow direction as the
particle drift model resultsHgure 3.5C). Additionally, the velocity magnitude for the
EMHD model (meanof 0.39m/s, max of20 m/s) and parcle drift model (heanof 0.30
m/s, max of20 m/s) are similar and both are highest in a small region immediately
around each electrod€igure 3.6A and Figure3.5C). After updates from other terms in
the EMHD model, the Lorentz force induced EMHD flowiqure 3.6A) changes in
magnitude Table3.2) and directionigure3.6).

After convective acceleration, the flow velocity ntains the same direction
(Figure 3.6B) but increases in magnitude (mean of 0.41 mmax of 150 m/s). After
updating for viscosity, the velocity maintains direction but changes in the distribution of

high flow areas, from beingnhited near the electrodes to, instead, including a large
63



central areaKigure 3.6C), and decreasing the velocity magnitude mean ~2x and the
maximum ~500x (mean of 0.21 mfmax of 0.31 m/s). After updating for the pressure
gradien, the direction of flow velocity Kigure 3.6D) and displacement~{gure 3.6E)

shifts to a more circular flow pattern parallel to the phantom boundaries, with the
majority of the phantom particles expereng downward flow but at a4x lower mean

and slightly higher maximal magnitude (mean of 0.052 m/s, max of 0.37 m/s). The areas
of greatst change in flow velocity occun the top and bottom of the phantom where the

pressure magnituds highestigure3.6F).

3.3. Discussion ofthe EMHD flow effect and particle drift

An initial estimate ofelectromagnetidrift velocity in the LEI experiments by
Wijesinghe and Rotlshowedmagnetohydrodynamitgpromise as a potentiaontrast
mechanism for LE[34]. Thar estimate on the order of 1 m/svasbased on a uniform
50 V/m electric field Our particle drift modetepresented the electric field more accurate
to the experimental setup, showing a Roniform electric field (agnitudeat grid points
had a minimumof 0.98 V/m, mean of 13.96 V/m, and maximum of 1911 V/@)r
model predicted range of velocities (minimum of 0 m/s, mean of 0.12 m/s, and maximum
of 20 m/s)including the electromagnetidrift velocity estimate was consistentwith
accepted electromagnetheory[58, 59].

The mean and maximal particle displacements predicted usingRéyaolds

transport methodh the particle drift model were approximately 10x higher than those
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using the particle tracking method. This is an overestimation of particle displacements
likely because the displacements were computed at fixed grid points waitcuinting

for particle motiorthat wouldresult inlower Lorentzinduced velocies for each particle

as it moved farther away from the electroddwere the electric field forces are smaller.
Overestimation of the particle displacement using the Reyricdaisport method was
apparent since the maximal displacement using that method was 62 cm, longer than the
dimensions of the phantom (10 cm diametéfdwever, since the Reynolds transport

method computation fof, accounted for paidle motion, the relative signal changes for

that method (mean eR3% and maximum of100%) are higher but similar in order of
magnitude to those of the Reynolds transport method (med8%f and maximum of
96%).

The downward trend iflow velocity direction ofthe EMHD mode(Figure3.6A)
and particle drift mode{Figure 3.5C) is alsosupported by electromagnetic drift theory
(Figure 3.2): with the magnetic field pointing in the +z direction and the electric field
pointing in the-x direction (for a positive current pulse), the drift velocity trends irEhe
x B direction,i.e., the-y direction. In the EMHD model, the simulatecegsure gradient
(Figure3.6F) opposethe downward direction of the Lorentz force induced velocity, with
higher pressures near the lower boundary where particle collsiegseatestwhich is
supported by accégd EMHD theory58].

In Figure 3.3A the mean particle drift velocity within the phantom linearly
increases during the curreo periods due to the Lorentz force, while it remains flat

during currentoff periods due to the lack of resistive forces. Hence, the effect of the
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oscillating gradients in this model incrementally ramps up velocity during each pulse,
with a velocity stackingffect driving the particle displacements. Thug, tnean particle
displacementontinually increases quadraticallifigure 3.3B) both during currenton
and-off periods of the LEI pulse sequendédure 3.1C). The LEI principle states that
optimal contrast is achieved with all motion occurring during one gradient lobe while no
motion occurs during the opposing gradient 1648. Even with a continual increase in
displacement during both lobes, there is stiletectable signal losiie to the quadratic
increase creating a difference in dephasing and rephrasing between eac{T @ilse
3.1). A linear increase in particle displacement would instead cause a rephasing equal to
the dephasing and ultimately zero signal change.

With resistive forces in the full EMHD model, flow velocitgpidly increases to a
steadystate value after achieving a force balance, and then ragta¥ig to zeroduring
the currenfoff periodswhen the Lorentz driving force is zerbigure 3.4A), as opposed
to the incremental ramping up of velycin the particle drift modelKigure 3.3A). The
EMHD model dynamics therefore create a greater differenparircle displacememntte
duringthe currentonvs. -off periods Hence, despite the lower displacGarhmagnitudes
in the EMHD model, the relative difference betwebksplacementin the current on vs

off periods may still add enougfy, to create a detectable relative signal change which

we will explore in the next chapter
Thedistribution ofrelative signal loss from the particle drift modes$ults(Figure
3.5B) doesnot correlate well with the experimental images of Truong d#4d]. This is

likely in part due to théoundary conditions and the velocity field of this model waps
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particles to stay at the phantom boundarabker than circulate around parallel to them
which may affect the signaldistribution. Also, the lack of resistive forces caifiee
particles to distribute symmetrically in the upper and lower hemispheres of the phantom
and experience higher displacements causing higher signal losses, especially near the
electrodesThe EMHDmodel on the other handjth forces other than particle drifthay
nontuniformly shift particle directiorwhich could causeéhe resulting relative signal
changeto adopta more asymmetric appearance as in the experimental images.

The difference in the expimental LEI images and the particle drift simulation
images wastudied furtheby accounting fotheseother forcesn theEMHD model The
mean and maximal magnitud@&aple 3.2) and direction Figure 3.6) of velocity and
displacement in the phantom generated by the Lorentz force in the first time step is
significantly changed after updating velocity for several other teriee EMHD model.
Convective acceleration genbyaincreases velocity magnitude without astging
direction. The viscosityglobally decreasevelocity magnitudeespecially for particles
outside of the central region of the phantomithout changing direction. A pressure
gradient develops due to the top bottom direction of Lorentforce induced flow
causng flow velocity direction to change significantly with flow linesnding upmore
parallel to the phantom boundamth a further decrease in mean velocity.

Overall, the difference between the pdetidrift model flow and the EMHD
model flow is that the other EMHD forces slow the flow speeds and shift flow direction
from being relatively perpendicular to the boundaries to more cirdaar which is
relatively parallel to the phantom boundaries, @miaintaining the bulk of particle flow
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trending downwardTheir overall effectafter one time step appeared to be symmetric
but the overall effecof these force®ver the entire course of the LEI protocol on the
relative signal change cannot be deteediwithout full time course simulation images
from the EMHD modelTherefore, in the next chapter we will compare maaelgesat
the end ofthe entire LEIl protocol with the results from an electrolyte phantom
experiment and determine the accumulated effie¢he velocity, displacement, pressure,
and relative signal change

Since the LEI experiments provide information on the signal change per voxel, it
may be useful in the future to perform further verification of our computational models
using other redts, such as displacemeiffor a 50 V alternating currenapplied at 100
Hz (10 msec pulse width) to conductive gels under a 1.5 T MRI scanner, displacement
amplitudes on the order of &5 um were measurdd?], which are much lower than the
mean displacements in the particle drift (0.92 cm) and EMHD (1.9 cm) model. However,
these displacements were measured in an elastic gel with higher viscosity than water. In
addition, because of the alternating curretite gels were dmiaced in an oscillatory
mannerwhich, over the cowe of the entire pulse sequenoay correspond to total
particle motion orders of magnitude highkmay also be possible in future experiments
to verify our computational model ressilbased on velocity measurements using a
technique referred to as magnetic resonance velocimetry (MRV), which is capable of

measuring velocities ranging from ~10 m/s to 1 cm/da.
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4. Modeland experiment LEI image comparison

The computational models descridadChapter2 were developed to simulate the
electrolytefilled phantom experiments of Truong et @2]. After comparing the results
of the particle drift and EMHD models the previous chapter, we now compare images
obtained from each of the three computational models with images from three cases of
the LEI experiment. The modetxplored are: ion flow based on the study by Truong et
al. [42], particle drift based on the estimates by Wijesinghe and [Rdthand EMHD of
a conducting fluid. Our modeling assumptions and analysis reflect our primary interest in
the overall scale of the LEI signal loss in comparing the @hoesults to those of the
experiments. Therefore, andepth analysis of the implications of the spatial distribution

of signal loss or other output parameter values was not performed.

4.1. Model and experiment image generation

A full explanation of the phaam model parameters, LEI protocol, and
computational methods used can be found in Chaptiéor2our computational methods
we ignored the magnetitefd changes from the gradientghich allowed us to compute
the electric field generated by the electriaativity independently of the magnetic field
effects and fluid motionThus, for each model avimplemented a twpart method to: 1)
compute the electric and magnetic field effects on fluid velocity and displacement, then
2) compute the induced signal lobased on fluid displacement along the applied

magnetic field gradients.
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All model simulations, result analysis, and display were performed in MATLAB
v7.11. The primary numerical results computed for all models were velocity
displacementand signal lossMaps of the velocity were displayed using a grayscale
contour plot of the velocity magnitudes overlaid with streamlines of the velocity
trajectories and arrows indicating flow direction. Mean and maximal velocity and
displacement within the phantom wem@ntgouted at the end of the last current pulse and
at detection, respectively. In addition, maps of the electrical potential and pressure within
the phantom were displayed using grayscale contour plots at all M&wvies finite
difference grid points. Lalst maps of the relative signahangewere displayed for each
voxel simulated using a grayscale map with bounds set0& and 40% to match the
experimental resultg42]. Mean and maximal relative signal differences in the phantom
were also reported.

For model versus experiment image comparison we obtained raw signal images
from the experiments of Truong et §2] and reprocessed them to display only the
central 10 cm region of the image to match the region used for our model results display.
The images were displayed as the relative percent signal clsangdference in the
detected signal in the case with an applied curr®nald the case with zero applied

current &), divided byS,.
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4.2. Computational model and experimental phantoniEl
image comparison

Using a 5 mA current stimulus and thenstard mobility value for coppat =
5.4x10® (m/s)/(V/m)[34] and24 water molecules moving with each ion, the first model
(ion flow) resulted in a maximal displacement and signal loss of only Bgh® and
2.2x10°%, respectively. Using the higher mobility value of p 228 (n/s)/(V/m) from
[42], the maximal displacement was unrealistically higher at 13 cm, beyond the bounds
of the 16cm phantom due to the lack of a boundary condition, and the maximal signal
loss was only 0.027%. Witkither mobility value, there were no appreciable areas of
signal loss in the simulated image despite overestimating theatar interactions in this
model

For the same 5 mA current stimulus, the second mdgdatticle drift)
approximation using the Reglds transport method and grid resolution of four particles
per voxel resulted in a meamaximal velocity, displacement, and signal loss of 0.30
20 m/s, 0.92 62 cm, and 23% 100%, respectively, showing go@fjreement with
previous analytical appranations of the magnetohydrodynamic effg®4] (see section
1.1). However, the simulated imag€igure 3.5B) hasa symmetric pattern of relative
signal loss, unlike the asymmetric pattern with more sifgssl in the bottom half dhe
experimental imagéor the same LEI protocg42].

For the same 5 mA current stimuluthe third model (EMHD)using the
Reynol d&pos methodaamd a higher grid resolution of 16 particles per voxel,
resulted in a meanmaximal velocity, displacement, and signal loss of 6.3@ m/s, 1.9
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- 9.2 cm, 17% 100%, respectivelyTiable4.1 below), similar inmeanmagnituds to the
particle drift resultsbut with lower maximal displacement (9.2 cm vs. 62 .cifhe
EMHD simulated imageHigure4.1A below) had three large areas of signal loss in the
lower half of the phantom similar in locatido that of the experimenfigure 4.1B
below). However the EMHD model image differed from that of the experiment by having
no overlap between the signal loss regiandno areas of signal gain

Table 4.1: EMHD model mean and maximal velocity, displacement, and signal loss
for £5 mA current pulses

Mean Max

Velocity at the end of| 0.34m/s | 36 m/s
the final current pulse
Displacemenat the | 1.9cm 9.2cm
end of the final

negative gradient lob
Relative signal losat | 17% 100%
detection
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Figure 4.1: Experimental signal image and EMHD maps ofsignal, velocity, and
pressure for a 5 mA current pulse

A. Image of the relative signal chandgrom the EMHD model, showing three main
regions of signal loss in the lower half of the phantom. The mean and maximal relative
signal lossvalues are reported ifable4.1. B. Corresponding image of the relative signal
from theexperiment showing three main areas of signal loss overlapping in the lower half
of the phantom. Areas of signal gain were due to flow effects, which were ignored in the
EMHD model.C. Contour plot of the velocity magnitude (m/s) with streamlines and
arrows indicating flow directions at the end of the final current pulse. Mean and maximal
velocity magnitudes are reportedTiable4.1. Of note,flow direction trends downward.

D. Contour plot of pressure values (Pa) at the end ofitia¢ current pulse. Pressure
values are minimal at the top and maximal at the bottom of the phantom, resulting in a
pressure gradient that opposes the direction of flow velocity.
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The electric potential contours in the EMHD model with the 5 mA current
stimulus on show a range of potentials from +2.5 V2& V extending from the point
sources at the left and right ends of the phantom, respectigiyr¢ 3.1B). When the
current stimulus was turned off, the potential distributi@s uniformly zero throughout.

At the end of the positive gradient lobe, the resulting flow velocities computed on the
Navier-Stokes finite differences grid were maximal and trended downwéagdre4.1C).

Areas of highest flow elocity were around the electrodes. Furthermore, the EMHD
model was able to report pressure values in the phantom with a pressure gFagigat (
4.1D) that opposes the general direction of velocity. Pressure was minimal ap thedc
maximal at the bottom of the phantom where fluid velocities trended toward.

For a current stimulus with an equal magnitude but opposite polasityngd),
contours of the electripotential (R mirror image offFigure 3.1B), velocity (Figure
4.2C below), and pressurd=(gure4.2D below) were identical but opposite in direction as
compared to the case with a positive current polaftyure4.1B, C, D). In addition, the
magnitude of mean and maximal velocity, displacement, and relative signal loss values
were equal. Lastly, the areas of signal loss were similar but occurred in the top half of the
phantom Figure 4.2A below) as compared to the bottorkigure 4.1A). These results
show that the LEI contrast is reversible when changing the current polarity, which was

also observed in the experimenEsgure4.1B vs. Figure4.2B below).
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Figure 4.2: Experimental signal image and EMHD maps ofsignal, velocity, and
pressure for a-5 mA current pulse

A. Image of the relative signal change from the EMHD malewing three main areas

of signal loss in the upper half of the phantom. The mean and maximal relative signal
loss values are reported iable 4.1. B. Corresponding image of the relative signal
change from the experiment showitigee main areas of signal loss overlapping in the
upper half of the phantom. Areas of signal gain were due to flow effects, which were
ignored in the computational modé€l. Contour plot of the velocity magnitude (m/s) with
streamlines and arrows indigad flow directions at the end of the final current pulse.
Mean and maximal velocity magnitudes are reportetainle4.1. Of note, flow direction
trends upwardD. Contour plot of pressure values (Pa) at the end of the finadrturr
pulse. Pressure values are maximal at the top and minimal at the bottom of the phantom,
resulting in a pressure gradient that opposes the direction of flow velocity.
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We next used a smaller current to understand how the LEI contrast scales with
currentstrength. For 0.5 mA pulses, the meamaximal velocity, displacement, and
signal loss were 0.034 3.6 m/s, 0.23 6.1 cm, 2.54% 100%, respectivelyTable 4.2
below).

Table 4.2:. EMHD model mean and maximal velocity, displacement and signal loss
for 0.5 mA current pulses

Mean Max

Velocity at the end o] 0.034m/s | 3.6m/s
the final current pulse
Displacementat the| 0.23cm | 6.1cm
end of the final
negative gradient lob
Relative sgnal lossat | 2.54% 100%
detection

The simulated image shows regions of greatest signal loss around the electrodes
and a thin region of signal loss at the bottdfiggre 4.3A below). However, the signal
loss seen in the experintahimage Figure4.3B below) was focused mainly around the

electrodes, extending inward with no obvious signal loss at the bottom.
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Figure 4.3: Experimental signal image and EMHD maps of signal, velocity, and
pressure for a 0.5 mA current pulse

A. Image of the relative signal change from the EMHD model, showing regions of
greatest signal loss focused around the electrodes. Mean and maximal relative signal loss
values are reported ihable 4.2. B. Corresponding image of the relative signal change
from the experiments, showing regions of greatest signal loss focused around the
electrodesC. Contour plot of the velocity magnitude (m/s) with streamlines arwvarr
indicating flow directions at the end of the final current pulse. Mean and maximal
velocity magnitudes are reportedTable4.2. Of note, flow direction trends are similar

to Figure 4.1C. D. Contourplot of pressure values (Pa) at the end of the final current
pulse. Pressure values are maximal at the top and minimal at the bottom of the phantom,
resulting in a pressure gradient that opposes the direction of flow velocity.
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4.3. Discussionof computationalLEl models

To gain a better understanding of the LEIl contrast mechanisms proposed in
previous studief34, 42], three different models of the Lorentz effect were developed and
the simulated images were compared with those obtained in the phantom experiments of
Truong et al[42]. In the first model, the Lorentz effect on ion flow was explored and
found to be incapable of explaining appreciable signal losses, as it resutdyg % 1%
maximal signal loss regardless of the mobility value selectesllakdk of LEI signal les
in the ion flow modelvas likely due to the limited amount of water molecules associated
with each travelling ion. These results show that the Lorentz effect on ions is not a
principal mechanism explaining the signal losses observed in the LEI expesr[d#&n
regardless of the mobility value.

Particle drift and EMHD on the other hand, were able to demonstrate detectable
LEI signal losses. In addition, the directality, reversibility, and scalability of the
velocity, pressure, and signal loss patterns based on current polarity and amplitude were
demonstrated with EMHDErom initial results, flow velocity trends in the particle drift
model and EMHD model were quiaiively explained and compared based on
electromagnetic drift theory and EMHD theory in sectioh

Comparing the quantitative results of particle drift vs. EMHD for a 5 mA
stimulus, there waa similar mean (0.30 vs. 0.34 s)/and lower maximal (20 m/s vs. 36
m/s) velocity, lower mean (0.92 vs. 1.9 cm) and higher maximal (62 cm vs. 9.2 cm)
displacementa higher mean (23% vs. 17%) and similar maximal (100% vs. 100%) signal

loss,as well as patterns of signal loss that did match the experiments well as the
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EMHD model results didThe overall flow velocity directionand mean velocity,
displacement, ansignal loss magnitudes in the particle drift model approximate those of
the EMHD model However,the viscosity forces,anvective acceleration, and pressure
gradients in the fluid spacef the EMHD model especially near the boundariese
needed to accurately predict thanaximal velocity, maximal displacement, and
distribution ofsignal lossn the phantom

Comparing th&aMHD model vs. experimental results, quantitatively, mean signal
loss in the field of view was higher for the two stimulus strengths tested (17% vs. 9.06%
for 5 mA and 2.54% vs. 1.68% for 0.5 mA), likely duestgnal gain in the experimental
images frombw effects[42] reducing the mean losEMHD model simulations at more
current strengths could help explain these differences as a general trend or due to other
effects not considered in the modahd will be explored in the next chaptéiso, the
space outside of the phantom is of a different composition than inside the phantom with
different magnetic properties (airsiead of electrolyte solution) and the relatsignal
outside of the phantom bounds in the experiment imgdigped for comparison and not
shown inFigure4.1B, Figure4.2B, andFigure4.3B) are not uniformly zerdikely due to
noise or artifact Therefore in future simulationsit may be possible to improve
comparison between the experiment and model resuktefyputing andeporting mean
values only accounting for voxels within the phantom and not the field of view as a
whole.If a general trend is seenpeethodto normalize and account for signal gain in the
experimental imagesay allow forbetter quantitativ@redictions of experimental results
based on the EMHIodelresults
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Comparing the results qualitatively, tmeain regions of signal loss were in
similar locations. As a general trend, for low current amplitudes (from 0 to 0.5 mA) the
main areas of signal loss were near the electrodes and began to include a thin region of
signal loss near the lower boundary o fthantom as the current was increased. For high
positive current amplitudes (+1 to +5 mA) signal loss expanded from near the electrodes
to a region along the lower boundary of the phantom. For high negative current
amplitudes {1 to -5 mA), signal loss &as flipped to the upper half of the phantom. In
general, experimental signal loss regions differed from those of the model in that at lower
currents signal loss around the electrodes extended more imdedat higher currents
there was some overlap beten the signal loss areas (Figs 2A, 2B). This distribution of
signal loss was likely affected by the physical dimensions of the experimental electrodes
which extenad inward (2 mm diameter, 4 mm lengtf)2], while the electrodes were
simulated agoint sources in the EMHD model.

From our results, we can make some predictions regarding optimization of LEI in
other settings. For example, our simulations generatedrisgeal losses with narrower
current pulses and gradient oscillations (results not shown), hence allowing improved
detection of rapidly alternating electrical activity. In addition, with a 10x smaller current
strength, megnand maximal velocity also se&a 10x less, but mean and maximal
displacement scaled 8.3x and 1.5x less, and mean signal loss scaled 6.7x less while
maximal signal loss remained at 100%. Because displacement and signal loss scales less

quickly than velocity for lower current strengthsmay be possible to detect smaller
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current strengths, but the exact limit of dipole strengths detectable using LEI have yet to
be explored with our model.

Since the main objective of this study was to investigate whether EMHD can
explain the LEI contrasibserved in the experiments of Truong et al. [5], the simulations
were performed with the same setup and parameters as those used in the experiments to
compare the results. The only difference was rectangular gradients used in our models as
compared to #@pezoidal gradients in the experiments, which was expected to be of
minimal impact and not explored. Yet, further studies must be performed with different
setups and parameters more relevaim tavo applications to optimize the LEI technique
and invesgate its feasibility for imaging neuronal activity in tterebralkortex.

First, simulations need to be performed with a large number of smaller dipoles
oriented in multiple directions to simulate an active portion of cortex (wittpyi@midal
cells / mnf and 1000 synapses per neuf8f]) rather than the sgle dipole used in this
study to simulate the phantom. Second, even though the current densities with an LEI
signal detected in our study (64640 nA/mnf) are of similar order magnitude as current
densities in activated cortex (10@50 nA/mnf [39]) and despite the fact that mean and
maximal signal loss stes less than the reduction in current strength, simulations also
need to be performed with ®0smaller currents similar to those generated by cortical
axons and dendrites (110 nA vs. 0.5 5 mA simulated in this study) to better estimate
the sensitivly of LEI for imaging neuronal currents in therebralcortex. Finally, further

studies are needed to explore other aspects of the LEI protocol (e.g., the frequency of the
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oscillating gradients, which must be synchronized to the neuronal currents e$tnter
optimize its use for differergatterns of neuronal activity.

InconclusionL El s demonstrated ability to dep
electrical activity in ionic solutions is a step toward its benefit as a potential ncMRI
method We hae demonstratedthat EMHD is a principal mechanism explaining the
patternsand magnitudesf signal loss in the LEI phantom experiments of Truong et al.
[5]. The EMHD model has the added benefit of providing information regarding velocity,
displacement, pssure, and other parameters not readily available in an actual
experiment. Thus, the EMHD model is a robust platform for studying the LEI contrast
mechanism and optimizing LEI protocdis detect electrical activity in other settings
Through further studyof the EMHD model and by developing modebptimized LEI
experimentsve can more readily validateEl for use as an ncMRI methpd/hich may

find broad applications in basic and clinical neurosciefitjes
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5. Measuiling current strength and fluid dynamics with
LEI based on EMHD

In the previous chapter we used a particular LEI protocol to qualitatively and
guantitatively explore the EMHD model simulation image3he resultsshowed
magnitudes and patterns of signal loss similar to those in the electrolyte phantom
experiments of Truong et k2] for a relatively large current (5 mA), a polar opposite
current (5 mA), and a smaller current (0.5 mA) applied to the phantom electrodes. The
EMHD model ' s ability to reproduce the magnhn
loss suppo# its applicability to further stuels of LEI contrast.

LEI" s demonstrated ability to depict S
activity is a promising step toward its use as a potential ncMRI methddpFove itas
a method of directly mapping eaitrical activity we must determine the relationship
between the LEI relative signal change and the underlying current strength over a range
of current strengths. Also, evaluating the
in LEI signal change fovarying current strengths will enhance its utility as a method to
study and optimize LEI contrast. Therefore, in this chapter we will analyze and compare
results from the phantom experi ments and E
ability to map chages in the underlying current strengtking changes in the relative
signal.

To better understand EMHD and LEI contrast, we will also analyze the current
strength dependenad other parameters in the EMHD model not readily available from

the experimentaphantom, which underlie the LEI contrast mechanism. Studying the
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underlying dynamics will be helpful in optimizing an LEI protocol to detect signal
changes for a given electrical activity. Furthermore, we will discuss potential EMHD
model simulations thatill aid in studying and optimizing the utility of LEI as an ncMRI

method for humabrainmapping.

5.1. Measuring current strength usinghe LEI signal

To study the relationship between the LEI relative signal change and the
underlying current strength we pemn multiple EMHD model simulations of the LEI
protocol for the electrolyte phantorRigure3.1) using the full range of currents strengths
from the experiment§l = -5, -2, -1, -0.5,-0.2,-0.1, 0, 0.1, 0.2, 0.5, 1, 2, 5 mA)he
model simulationsise the Reynolds transport method arfthidée difference gridof 16
points for each of the 12& 128 MRI voxels(512 x 512 grid points) to explore the
relative signal change dependence on current strelgéh.analyze results from the
EMHD model simulationsand the phantom experiments to determine thkationship
between thé.El relative signal changandthe underlying current strengtand compare
the model and experiment trends to see if they are similar.

With the permission of Trugnand Song, we obtained raw image files of the MRI
signal from the phantom experiments depicted in Fig. 3 of their paperAs discussed
in section4.3, magnetic properties of the phantom contents vary with that of the air
around it. Hence, instead of computing the relative signal changes based on the mean

signal within thefull field of viewof the phantom with zero current, weprocesed the
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images tocompute the relative signal chan§g based on the mean signal with zero
currentonly using voxels within the central -t&h diameter circular phantom region

based on the equation below

-5- % |
=g (51)

In the above equatiog is computed for each voxel within the phantom based on
S the total signal strength in that voéxe the currenton imageS, the total signal
strength in the sam@oxel in the currenbff imageandS,, the mean signal strengdt all
voxels within the central 26m diameter phantom ar@athe currenbff image. For all
experimentsS &, andS, are norrnegative ranging in values from 0 to 2@2]. Instead
of reporting signal loss as in the previous cha@eGan indicate a signal loss or gain
where& > 0 indicates relative signal gain aBg< 0 indicates relative signal loss.

We report minimum, mean and maximumSz using only voxels within the
phantom Ignoring voxels outside the phantamereagdthe computed meatompaed to
using the entire field of vie, which has relativellittle signal changén the spaceutside
the phantomln addition we computed the percentage of voxels within the phantom with
SR <t (SRLT, where the threshold t-=0%). The minimum, maximum, and mean
values ofS; and SRLTin the phantom for the range of current strengths tested are shown

in Figureb5.1 below.
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Figure 5.1: EMHD model and experiment relative signal change in the phantom
over a range of current strengths
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Current strengths | =5, -2, -1, -0.5,-0.2,-0.1, 0, 0.1, 0.2, 0.5, 1, 2, 5 were used in the
LEI experiments of the electrolyte phantom and corresponding EMHD model simulations
(Figure3.1). Model results (solid lie) are compared to experiment results (dashed line).
A. Relative signal change g5minimum predicted by the EMHD model is consistently
100% except for | = 0, whereas experimertr@nimum is below-100% for higher

current strengths |I| > 1 mA and higleh a n

100%

for | ower

curren

B. Model predicted $maximum is 0% for all current strengths except for | = 0, whereas
experiment § maximum is above 0% due to flow effects that were ignored in the EMHD
model. C. Model predicted S meanclosely matches that of the experiment for lower

current

str engt hs grnebnis greater forrhigher clirver €rengtinsglin t S

> 1 mA.D. The percenbf voxels in thephantom with § < -40% (SRLT) in the model
and experimenare similar for larger awrrents strengthHl == 1 mA s
SRLT is zero (sutthreshold) for |I| <1 mA.
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In Figure5.1A, the relative signal change minimum corresponds to the maximum
relative signal loss. The results from the expenime this figure show increasinglgrge
maximum signal losses for higher current strengths, with signal losses greater than 100%
for higher currents |I| > 1 mAThe EMHD model results on the other hand, show
maximum signal losses of 100% (relative sigolahnge of100%) in all cases with an
applied current. InFigure 5.1B, the experimental results show greater relative signal
gains for increasing current strengths, whereas the EMHD model results have no signal
gain at any currdrstrength tested. IRigure5.1C, the mean signal loss in the phantom
increases as a function of current in both the experiment and EMHD model, showing
good correlation for | ower currenaélnsat r engt
relationship between the current strength and the mean signal change, whereas in the
experiment, especially for higher currents [I| > 1 mA, the mean relative signal change
decreases at an increasingly slower ratef-igure 5.1D, SRLT was found toincrease
linearly with increasindl|, and shows better correlation with the experiment than the
results ofFigure5.1C.

To explore the distribution of relative signal change within the phantom, we stud
symmetry of the LEI contrast mechanism for the same range of current strengths.
Dividing the phantom space into quadrants, we sum the total relative signal change in
each quadrant and compute, using different pairs of quadrants, the proportion of total
relative signal changéSRB in the top, bottom, left, and right halves of the phantom,

shown inFigure5.2 below.
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Figure 5.2: EMHD model and experiment proportion of the total relative signal

change in different regions of the phantom over a range of current strengths

Current strengths | =5, -2, -1, -0.5,-0.2,-0.1, 0, 0.1, 0.2, 0.5, 1, 2, 5 were used in the
LEI experiments of the electrolyte phantom and corresponding EMHD ramdgllations
(Figure 3.1). Model results (solid line) are compared to experiment results (dashed line).
Relative signal change is summed and reported for each region as a percent of the total
sum for all voxels in the phantorSRBP. A. SRPin the top half of the phantom predicted

by the EMHD model is consistently ~20% higher than that of the experiment higher
except for | = 0.1 and 0.B. SRPin the bottom half of the phantom predicted by the
EMHD model is consistently ~20% lowdran that of the experiment higher except for |

= 0.1 and 0.2C. SRPin the left half of the phantom is consistently 50% in the model,
but varies for the experiment; generally higher for negative currents and lower for
positive currentsD. SRPin the righ half of the phantom is consistently 50% in the
model but varies for the experiment; generally lower for negative currents and higher for
positive currents.
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In Figure 5.2A, SRPin the top half of the EMHD model phantom increases
asymptotically for increasingly negative current strengths, corresponding with more
signal loss in the upper half of the phantom as se€&igure4.2A for a negative current.
Conversely SRPin the top half of the EMHD model phtom decreases asymptotically
for increasingly positive current strengths, corresponding with less signal loss in the
upper half of the phantom as seerfFigure4.1A for a positive current. Ifrigure 5.2B,
the reverse trend is true f@RPin the bottom half of the EMHD model phantom.
Compared to the EMHD model results, the same trends are generally true in the top and
bottom halves of the experimental phantom except3RRis consistently lower in the
top half and higher in the bottom half of the phantom than in the EMHD model, and the
SRPresults for | = 0.1 mA in the top and bottom half of the experimental phantom are
inconsistent with the general trend.

In Figure5.2C andFigure5.2D, SRPIn the left and right halves of the EMHD
model phantom are consistently 50% at all applied current strengths |I] > 0. The
experimental results however, show higB&Pin the left vs. the right half for negative
current strengths, and high8RPin the right vs. the left half of the phantom for positive
current strengths, with the increaseSRPtoward either side being highest at |I| ~ 1 mA.

We also explore thaumberof voxels withrelative signal change below-40%
threshold in the top, bottom, left, and right halves of the phantepprted as a
percenageof the total number of voxels in the phant¢8RLT), shown inFigure 5.3

below.

89



— EMHD madel
— — — Experiment

B
15

SRELT Bottam (%

O

SRLT Left (%)
SALT Right (%)

| () | ()

Figure 5.3: EMHD model and experimentpercentage of voxels withrelative signal

change below a40% threshold in different regions of the phantom over a range of
current strengths

Current strengths | =5, -2, -1, -0.5,-0.2,-0.1, 0, 0.1, 0.2, 0.5, 1, 2, Seve used in the

LEI experiments of the electrolyte phantom and corresponding EMHD model simulations
(Figure 3.1). Model results (solid line) are compared to experiment results (dashed line).
Voxels with relative signal change beldhe -40% threshold are given a value of one,
summed and reported for each region as a percent of thentmtdder ofvoxels in the
phantom SRLT). A. SRLTin the top half predicted by the EMHD model shows a similar
relationship to current strengths asthe experimentB. SRLT in the top half predicted

by the EMHD model shows a similar relationship to current strengths as in the
experimentC. SRLT in the left half of the phantom is consistently 50% in the model, but
varies for the experiment; generaltigher for negative currents and lower for positive
currents.D. SRLT in the right half of the phantom is consistently 50% in the model but
varies for the experiment; generally lower for negative currents and higher for positive
currents.
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As shown n Figure 5.3A there is a linear relationship between the current
strength andSRLT in the top half of the phantom. Additionally, the rate of increase of
SRLT for increasingly negative current strengths is greater than the rate of enofeas
SRLT for increasingly positive current strengths.Higure 5.3B there is a similar but
mirror imaged linear relationship betweSRLT in the bottom half of the phantom and
the current strength, with a greater rate of inarefs increasingly positive current
strengths than the rate of increadeSRLT for increasingly negative current strengths.
Furthermore, the EMHD model trends Figure 5.3A and Figure 5.3B show improved
correlation with those from the experiment, than the EMHD model and experiment trends
in Figure5.2A andFigure5.2B.

In Figure5.3C andFigure5.3D alinear relationship exists betwe&RLT in the
left and right halves of the EMHD model phantand the current strength, with the same
rate of increase IBRLT for increasingly negative and positive current strengths in both
halves. Furthermore, the EMHDaael trends inFigure 5.3C and Figure 5.3D show
improved correlation with those from the experiment, than do the EMHD model and
experiment trends iRigure5.2A andFigure5.2B.

Based on the EMHD model SRLT resultsFigure 5.1D, the mean slope of the
relationship between SRLT and the applied current strength | was computed. The mean
slope was then used as a multiplier to coraghe experiment predicted current strength
le from SRLT measured in the experimental images for all current strengths tested. The
comparison between the EMHD model and experiment predicted results are shown in the
figure below.
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Figure 5.4: Measured current strength from LEI experiment images using SRLT

and comparison with EMHD model results

Current strengths | =5, -2, -1, -0.5,-0.2,-0.1, 0, 0.1, 0.2, 0.5, 1, 2, 5 were used in the
LEI experiments of thelectrolyte phantom and corresponding EMHD model simulations
(Figure 3.1). Experiment and EMHD model images were used to compute SRLT as
shown inFigure 5.1D, where the mean slope of the EMHD model trevas used to
predict the experimental current streng#) ffom experimental SRLTA. EMHD model
predicted ¢ is linear and matches the applied current strength I, and the experiment
predicted IE follows a similar tren8. Experiment and model predictedid on the same
order of magnitudewhere thepercent difference between experiment and EMHD model
predictedgis< 1 Ofdd & current strengths tested

Using SRLT from the experimental images, we are able to derive a measure of the
applied current semgth E based on EMHD model resultSigure5.4A), which showed a

similar trend as the EMHD model predicted values. The experimentally predicted |
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on the same order of magnitude as the actual applied current strengthedl)doathe
percent difference between the experimentand actual |being 1 00% f or al |

strengths testedr(gure5.4B).

5.2. Estimatingfluid dynamicsfrom the LEI signal

To better understand EMHD and the LEI contrasthanism, we also analyze the
dependence of the EMHD model electric field, vélgadisplacement, and pressure on
the current strength. THEMHD fluid dynamics variablegn particularare not directly
measurable in the experimental phantdfat, studying theedynamicsthatunderlie LEI
contrast, will aid in optimizing an LEI protocdéo detect signal changes for a given
electrical activity and will also allow for discussion of how to correlate experimentally
measurable relative signal changes with the underlying electric field strength and fluid
dynamicsln addition, knowing the exgimental displacement and SRLT will allow us to
predict the minimum displacement needed to generate a desired threshold of signal loss.

The EMHD variables were predicted from the experimental results over the full
range of current strengths tested by cotimg Iz from the experiment images and
applying it in a corresponding EMHD model simulation to generate a full panel of
results. Comparisons of the EMHD model and LEI experiment predicted fluid dynamics
variables and electric field strength dependencteractual current strength | are shown

in the figure below.
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Figure 5.5: EMHD model and LEI experiment predicted electric field, velocity, and
displacement magnitudes over a range of currents strengths
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Current strengths | =5, -2, -1, -0.5,-0.2,-0.1, 0, 0.1, 0.2, 0.5, 1, 2,\Bereused inthe

LEI experiments of the electrolyte phantom and corresporteliigD model simulations

(Figure 3.1). Experiment predicted values are from EMHBodel simulations using

SRLT inferred |I| from experimental LEI imagedodel dectric field magnitude (V/m)

(A) meanand B) maximumand LEI induced flow velocity magnitude (mA£}) mean

and (D) maximum are linearly related to the applied current strerlgMHD model
displacement (cm)E) mean and(F) maximum within the phantom are ntnearly

related to current strength, with maximum displacement approaching 8 cm in the 10 cm
phantomEMHD model and experiment predictedluesar e si mi | ar for | ||

In Figure 5.5A and Figure 5.5B, the EMHD model reports a linear relationship
between theactual applied current strength with mean and maximal electric field
magnitudes fogrid points within the phantom. Additionally, the Lorentz force induced
velocity mean Figure 5.5C) and maximum Kigure 5.5D) values also exhibit a linear
relationship with the current strength. Mean tispment Figure5.5E) on the other hand
shows a gradually decreasing rate of increase for higher current strengths, while the
maximum displacement{gure 5.5F) shows a much higher rate of increase @wdr
current strengths | 1] < 1 mA that quickly

We also use the EMHD model to study the relationship between the current
strength and maximum pressure values within the phantom for the same range of current

strengths, shown iRigure5.6 below.
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Figure 5.6: EMHD model and LEI experiment predicted pressure magnitude over a

range of current strengths

Current strengths | =5, -2, -1, -0.5,-0.2,-0.1, 0, 0.1, 0.2, 0.5, 1, 2, 5 were used in the

LEI experiments of the electrolyte phantom and corresponding EMHD model simulations
(Figure 3.1). Experiment predicted values are from EMHD model simulations using

SRLT inferred |l| from experimental LEI imageRressure (Pa) maximum value within

the EMHD modelphantom is linearly related to the current strengiMHD model and
experiment predicted values are similar fo

In Figure 5.6 there is a linear relationship between the current strength and the
maximum pressure magnitude within the phantom. The maximum pressure occurs in the
bottom or top of the phantom for a positif)eigure 4.1D) or negative(Figure 4.2D)
current polarity, respectively.

In Figure5.1C andFigure5.1D, it was shown that mean ®/as a useful indicator
of current strength for low current magnitudes|lf 1 mA whereas SRLT w
indicator of current strength for higher current magnitudes |I| > 1TmAhow the utility
of SRLT, we plot the relationship of the electric field strength and fluid dynamics
variables with SRLT over the range of curremesgths tested and compare the EMHD

model and LEI experiment predicted results in the figures below.
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Figure 5.7: EMHD model and LEI experiment predicted electric field, velocity, and
displacement magnituds over a range of currents strengths
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Current strengths | =5, -2, -1, -0.5,-0.2,-0.1, 0, 0.1, 0.2, 0.5, 1, 2,\Bereused in the

LEI experiments of the electrolyte phantom and corresponding EMHD model simulations
(Figure 3.1) to obtain SRLT from the image&xperiment predicted values are from
EMHD model simulations using SRLT inferred |lI| from experimental LEIl images.
Electric field magnitude (V/m)A) mean and ) maximum and LEI induced flow
velocity magnitude (m/s)Q@) meanand Q) maximum are linearly related t8RLT.
Displacement (cm)E) mean and ) maximum within the phantom are nbtnearly
related toSRLT, with maximum displacement approaching 8 cm in the 10 cm phantom.
EMHD model and experiment predictedluesarealmost identical.

We similarly plot the relationship between maximum pressure and SRLT and

compare the EMHD model and LEI experiment predicted results in the figure below.
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Figure 5.8: EMHD model and LEI experiment predicted pressure magnitudeor a

range of SRLT

Current strengths | =5, -2, -1, -0.5,-0.2,-0.1, 0, 0.1, 0.2, 0.5, 1, 2, 5 were used in the

LEI experiments of the electrolyte phantom and corresponding EMHD model simulations

(Figure 3.1) to obtain SRLT from the imageBressure (Pa) maximum value within the

EMHD model phantom is linearly related ®RLT. EMHD model and experiment

predicted values ar@most identical

98



5.3. Discussion

LEI’ s demonstrated losdin the prgsende of ebbarigal c t S
activity in electrolytesolutionsis a promising step toward its use anaMRI methodln
the previous chapter we demonstrated the
magnitude and distribution of théel relativesignal loss, supporting its applicability as a
means to further study LEI contrast. To op
activity we explored the relationship betwetre relative signal chang€Sg) in the
imagesand the underlyingcurrent strengthmagnitude (|I))in the electrolyte phantom
using results from the experiment and EMHD model

The results showed that the meg(Figure5.1C) and the prcentagef voxels in
the phantom with a signal lobglow a prespecified threshold $RLT, for athresholdof -
40%) (Figure 5.1D) in the EMHD modelwere proportional tdl| and the experiment
results were similar except th#ie mean Sz in the experimentad a slower rate of
increasdor || > 1mA than in the modelTherefore SRLT from LElimages can be used
as a measureof |l|, which is promising towards the use of LEI to ndifferences in
current density (i.equantify the number of active currents andifferent area®f the
brain). Also, beause thenodelSRLT aresimilar to thosein the experimenive may use
future EMHD model simulations toptimizethe amount ofdetectake signal (SRLT) for
a given current strength and frequency by varying the LEI protocol, which is promising
towards the se of EMHD to determine an optimal LEI protocol for a given current
activity (i.e. determine an optimal LEI protocol for ncMRI by using EMHD models of

brain currents
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The maximumSz (Figure5.1B) in the experiment increasdadr higher |l|, which
may be a sourcef the higher means in the experiment compared to the model nesults
Figure5.1C andreporting onlyvoxels withsignificantsignalloss by computingSRLT,
there wasbetter correlatiorbetween theexperiment an&EMHD model resultgFigure
5.1D). In the EMHD model, thenaximum Sz was uniformly0% as discussed in the
previous chapter due to ignoring flow effects.

The minimum Sz (Figure5.1A) in the EMHD model was-100% for all norzero
|| tested, whereai® the experimenthe valuesstarted above40% for |I| = 0.1 mA and
went below-100%f o r | I.TheS vakieslesdthan100% in the experiment can be
explained based oBq. 4.1used to compet for the experimentatlifferenceimages.
For S> &, suchasfrom flow effects in the experimeng& will be positive §howing a
relative signal gain)ForS< &, Ss will be negativgshowing arelative signal lossfor S
approachingero, which is rare likely to happen at highdt, andS, > S, Ss will be less
than-100% as seen in the experiment resuliSigure5.1A.

Trends in thegroportion of theotal S distribution(SRP in the top Figure5.2A)
and bottom Figure 5.2B) half of the phantom for varyinfd| can be used tquantify the
top-bottom asymmetry ofx seen in the previous chapt&ased orSRR thedistribution
of signal changevas higheiin the top half otthe phantom for negatid andhigherin
the bottom half for positivl|. These trendalsofollow the Lorentz effect as discussed in
the previous chapter and can be seen depicted in the niogletg(4.1A, Figure 4.2A)
and experiment imageg-igure 4.1B, Figure 4.2B) for | | | > 0.[82 fartA (see
experiment imges over the full range of current strengtfi$)ere wassome correlation
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betweenSRPtrends intop and bottom half ofhe model and experimerand the trends
themselves were not directly related to or useful predictdig of

SRP computedin the left Eigure 5.2C) and right Figure 5.2D) halves of the
phantom for varyingl| wasequal in the EMHD model, showing lefght symmetry.n
the experiment dwever,SRPshowael left-right asymmetryfor all |I| > 0, which was not
readily apparent in the experiment imageig(re4.1B, Figure4.2B, Figure4.3B) before
quantifying Ss. The distribution of S was higherin the left half of he phantom for
negativell| andhigherin the right half of the phantom for positiji¢ As a trend across
all |1}, this asymmetrycanbe from systematic error in the experimahor image analysis
methodsor fromanother force natepresenteth the EMHD model.

One possible source of erron the experimental methodsuld beif the axis
alongthe phantom electrodegas not aligned exacthperpendicular to the direction of
t he s craagnete fieldMisalignmentwould creae a leftright component tdahe
Lorentz force that reverses with the current polar@éyd could explain these results
Another possible source of errfstom image analysisould be 1 the phantom were not
perfectly centered in the field of view tlwentral 16cm diameter circlaisedto extract
the experimentmages for analysiswhich would shift thedistribution of S&s. However,
this error would be less likely than electrode misalignment tause a trend that is
reversiblewith current polarity. Lastlyit is possible thasnotherforce affecting particle
motion or a source of signathat was unaccounted for in the EMHD modek. flow

effecty may affect the distribution 0% in the leftright direction andreverse with
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current polarity Further studyunder different experimental cditions is required to
determine the significance of these potential sources of error

By performing quantification ofz in each half of the phantgr8RLT showed a
linear dependencen |I| for the top, bottom, left, and rigttalvesof the EMHD model
image Figure5.3). Similar to SRR, SRLT can quantifythe vertical asymmetryput has a
more linear relationship to the underlying current strengtlddition,SRLT can be used
to predict |lffrom the experimenimagesusinga linear trendthat isobtairable through
EMHD model simulationSRLT in the top and bottom halved the experimenshowed
good correlation with the EMHD model trendsvhereasthere wassome lefiright
asymmetry in the experimeBRLT at some of th¢l| testedout less than the asymmetry
observedisingSRP(Figureb5.2).

To better understand EMHD and LEI contrast, we also analyzed the current
strength dependence of other parameters in the EMHD model not readily available from
the experimetal phantom that underlie the LEI contrast mechanism. A linear trend
existed for the meark{gure5.5A) and maximum Eigure5.5B) magnitude of the electric
field strength|E|, the meanFigure5.5C) and maximumKigure 5.5D) magnitude of the
Lorentz force induced flow velocity|| (Figure 5.5), and he maximum magnitude of
pressure PHigure5.6) in the phantom, allowing prediction of these parameters based on
experimentally derived |l| ). Therefore, in LEI experiments we can use the value of |
predicted fom measuring SRLT in the experiment image to directly infer the magnitude

of the underlying |E|, |v|, and |P| in the phantom.
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To infer the magnitude of mearFigure 5.5E) and maximum Kigure 5.5F)
displacement, a corresponding EMHD model simulation with an applied current strength
of Ig from the experiment can be performed. Accuracy of the displacement magnitudes
computed using the EMHD model can be verified experimentallyusing the same
electrolyte phantom in an MRI protocol setup to image the Lorentz force induced
displacemen}47], as described in sectidn3, which may be sed to detect displacements
on the order of 0.1 um. However, incoherent displacement of water in the electrolyte
solution differs from oscillatory motion in an elastic medium. Therefore, the applicability
of MRE in measuring curremhduced displacementsxder an MRI magnetic field in the
electrolyte phantom or in the brain is still unknown.

In conclusion computing SRLT from LEI imagesin experimend provides a
means taquantify the underlyingcurrent strengthTherefore, in addition to detectirige
presece ofelectrical activity LEI can be used tquantify differences incurrentdensity
Thus, f an LEI protocol is developed thdetects currents in the bratrmayalsobe used
to differentiake areas othigh (more neuronal currerdensity and low (fewer neuronal
currentdensity activity, which is useful for brain mappingo determine an optimal LEI
protocolfor detecting a given current activitiuture EMHD model simulations may be
used to determine the optimal oscillating gradient parameters fommang SRLT. The
EMHD model also provideadditionalinformation to better understandel, which is
useful in determining the detectability of LEI in other settingsr example, if fluid

displacement in the brain is limited to a certain range due twtgtal constraints,
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approximating the scale &k for that range of displacement based on EMHD would help
predict the feasibility of LEI in the brain.

The success of LEI imetecting current irphantoms[40-42] and thehuman
median nervan vivo [16] is promisingtoward its use as an ncMRI methoéind the
ability for EMHD andLEI experimenimagesto infer currentandelectric field strength,
flow velocity, and pressure in the electrolyte phanfmovides a bettennderstandingf
LEI in that setting However,the cortex is vastly different from theeetrolytephantom
due tosmallerdipole lengthshigher current source densityith lower strengtls, and
varyingsource firing rateg-urther studyusingmodificationsin the EMHD model can be
performed to determine the effect of these differences on the LEI sigtexdted and
how to best optimize LEI for use in cortéherearealsofacets ofthe cortexhatmay be
more difficult to represent irhe EMHD model and require mooareful consideratign

which will be discussed in the next chapter.
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6. Conclusionsand future work

We described théenefit of using MRI to directly map neuroelectrical activity
and achieve aighercorrelation andemporal reolutionthan unctionalMRI, a field of
studyreferred to as neuronal current MRI (ncMR1]. Lorentz effect imagingLEl) is
an MRI technique that employs oscillating magnetic gradients synchronized to
underlying current activity to achiewe signal loss corresponding ébectrical activity.

LEI hasshown promise as a potential ncMRI method by successfaticing electical
activity in various phantomgl0-42] and in the human median nenvevivo [16], but its

underlying contrast mechanism has not been well understood.

6.1. Summaryof EMHD in LEI

To better underand LEI contrast, we compared various interpretations of the
Lorentz force to explain the electrolyte phantom LEI experiment results by Truong et al.
[42]. Based on a&ch interpretation, we performed computational simulations of the
electrolyte phantom and studied dynamics of the induced velocity, particle displacement,
and relative signal changes that each model generated. It was shown that only
electromagnetohydrodyrmacs (EMHD) successfully predicted the areas of signal loss
seen in the experiments.

We also found that the EMHD model demonstrated the same distribution,
reversibility, and scalability of LEI signal loss as in the experiment under the highest
current stragth (5 mA), the opposite polarity currerb (nA), and a smaller current (0.5
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mA) tested, respectively. The EMHD model also provideaps of the electric field,

velocity, displacement, and pressure that were not readily available in the experiment,
which aided in the understanding of the underlying fluid dynamics and the LEI contrast
mechanism. A summary of the Lorentz effect and the EMHD model and experiment

signal images for these three currents are shown in the figure below.
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Figure 6.1: Summary of EMHD model and LEI experiment resultsin an electrolyte phantom
E = electric field direction, v £orentzforce-inducedflow velocity, p = pressure.



We also studied the resulting LEI signal change magni{Gdeusing the full
range of current strengths |l from the phantom experiments, and found that the
percentage of voxels in the phantom with signal change below a prespecified threshold of
-40% (SRLT) had a linear relationship with |l| and can thereferesed as a direend
accuratemeasure of |l| irLEl experimend. There was also a correlation between the
linear trends of SRLT with |I| in theodel and experimerfor the phantom as a whole
and the top, bottom, left, and right halves of the phantogking SRLT and appropriate
guantifiable measure to compare future model and experiment r&héte trends allow
for the EMHD model tqoredict the magnitude and asymmetrySafin an LEI phantom
experimentased on a giveaurrent strength and polarity @wice versa, they allow for
an LEI experiment taneasure the underlying current strength and polarity based on the
magnitude and asymmetry of SRLT. Additionally, the magnitude of the underlying
electric field, flow velocity, displacement, and pressure lsamnferred from the LEI
experimentimages by computing |l| from the images and performing a corresponding

EMHD model simulation.

6.2. Future methods to improve model accuracy

Future studies can be performed to improve the assumptions or address the
shortcomngs of the modeling and analysis methods presented in this work. There are

also other factors to consider when pursuing future stuviD and LElin cortex
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6.2.1. Computational phantom model

In this work, we used agsiarephantomdomainwith results outsidef a central
circle that were clipped t@pproxima¢ the central slice of a spherical electrolyte
phantom. A more accurate representation of the phantom rasudtgs EMHDmay have
been achievethy modelinga circular phantom domaitusing a finite elemeninethod
with triangular elements would allow for more accurate representation of the circular
shape[66]. Optimally, a three dimensional phantom model camdesloped for future
study. For example, ghree dimensional model would allow for computing the error
associated with misalignment of the phant
magnetic field, as discussed in secto8

In the future, a more elegant and general means of constructing the EMHD model
for applicability toin vivo experimentsan be performed by taking a standard MRI image
of the areaof interest, therebyproviding volumetric information on the object aslivas
highlighting water composition. Different tissue compositions can also be identified and
assigned different conductivity values. This information can then be used to cotisruct
threedimensionalEMHD model in a modeling software package like COMS@
which the EMHD equations described in this work can be applied to perform simulations
of the fluid dynamics and compute the resulting LEI image

The results of the EMHD model were verified based on the images of the relative

signal change. These rétsuvere produced based on simulation of an MRI acquisition
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6.2.2. Flow effects

Signal gainwere shownn the experiment images in Chaptera®d are due to
flow effects[42]. Based orFigure5.1B, it wasalsoshown that signal gains and signal
losses scaledimilarly with |I| in the experimentTherefore LEI signal gaims not a
background phenomenon independent of the LEI protocol and its undemgohanism
requires further study through experimentation.

Furthermore, it may be useful to incorporate signal gain in the LEI measurement
of current strength because of its similar response to |l| as the signal loss. Therefore, we
can perform future angdis of the model and experiment results and compare the
dependence on [I| of the mean signal lossaS: for voxels withS < 0), mean signal
gain (meanSg for voxels withS& > 0), andthe meart: for all voxels Figure5.1C), and
compare the trends seen between these measures &nehfififying the correlation of
these trends in the experiment results with those of the model results would also be useful
in determining which measure of signal loss better follows EMHD theadyifahe flow

effects are contributed to by the Lorentz force and fluid dynamics in the phantom.

6.2.3. Noiseand SNR

As in any imaging modality, noise amther effects play a role irné signal to
noise ratio (SNR)and image contrast. Future computationBMHD models can
incorporatemethods fomore realisticsimulation ofMRI image acquisitiono help study

the effectof noiseon Sz and the detectability of the LEI contrast in other settingsdél
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already existo simulatethe MRI image generéion procesghatincorporaé noise and
partial volume effectfs7].

Basal on an analysis of the SNR, it was shown tiha&t noise generated lky
cylindrical object imaged using MRI (such as the badyproportional to the square of
the radius and the square root of the lerj8). Hence, noise in the phantom wousdd
dependent orthe phantom size.t lwould also be useful taletermine if there is a
component of noisén the phantom experimentkat is dependenupon the electrical

current strength

6.3. Future EMHD model studies of LEI in the brain

In this section we discuss potential EMHD model simulations that will aid in
studying and optimizing the utility of LEI as an ncMRI method for mapping
neuroelectrical activity in human cortex. In traditional mémaging, a high resolution
MRI slice may have voxel sizes as small a& inm squared. Therefore, to initially
determine LEI signal detectability in the cortex, a single voxel with dimensions on the
order of millimeters can be studied in the active (curmem) and inactive state (current
off) using gradient oscillations that are synchronized to the frequency of the underlying
activity. In this section we propose EMHD model simulations for a single 1.5 mm x 1.5

mm square voxel of cortex.

111



6.3.1. Shorter dipole length

Current sources in the cortex have a much smaller dipole lengtm¢h[2]) than
that of the experiments in Chap#(10 cm). To test the effect of smaller dipole length
on the detectability of the LEI signal, we approximate an action potential esyrtegptic
potential by placing two point sources of current with opposite polarities spasaani
apart, based on the approximate length of an action potential traveling along g@]axon
These point sources may be added as Dirichlet boundary conditions at either end of the
voxel simila to simulations performed in the previous chapter but with domain sizes on
the order of millimeters. In initial simulations, the point sources can be assumed to have a
fixed position, with strengths alternating between arvaoe or zero, allowing the
electric field map to be computed once. Thecamrent (active) state electric field map
can be alternated with a uniformly zero electric field forstéites. These assumptions
simulate a neuroelectric dipole fixed along a membrane. Despite this majorptesym
the effect of the neuroelectrical dipole length on EMHD will be well approximated in
these simulations.

To quantify the effect of dipole length on the LEI contrast, mean relative signal
changes or SRLT can be reported and studied over a rangeotd Bipgths. To obtain
these results, EMHD model simulations can be performed using progressively smaller
square domain sizes matching the dipole lengths simulated (5 mm to 1 mm in 0.5 mm
increments) with the current sources placed at the left and rightaérthe model domain

as inFigure2.2. In the case of cortex, the conductivity wilbea o be di fferent:

—2.06 S/m69],asopposedto = 140 S/ m in the electrolyte
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6.3.2. Higher density and smaller strength of current sources

Another difference that must be studied for using LEI in cortex compared to the
phantom is the higher density of current sour@sefular spaced dendcitcurrentsper
15 x 15 x 10Qum voxel from SQUID MEG recordings afurrent densityn active cortex
[39], compared to one dipole source in the 10 x 10 x 10 cm phantdim smaller
current strengthsl(- 10 nA neuronal current$2], compared td.5 - 5 mA currents
simulated irthe phantom in Chaptd). EMHD model smulations can be performed with
multiple current sources inside the 1.5 mm x 1.5 mm square cortex voxel to approximate
the density of electrically active dendrites and axons in a given portion of active cortex.
Unlike the phantom experiments in the pregiothapter which had multiple voxels
within a single dipole field, these simulations explore the effect of multiple dipole fields
within a single voxel. ® approximatean active portion of cortex (with 1(yramidal
cells / mnf and 1000 synapses per neuf@8]) the cortex voxeklectric field can be
computedusing a large number oheuroelectric current sources. As opposed to using
dipoles spaced millimeters apart to approximate an axonal action potential or dendritic
post synaptic potential, we may alternate by placing positive and negative polarity current
saurces in the cortex domain to study the effect of a higher distribution of sources with
opposing polarity on the EMHD dynamics and LEI signal detectability.

Multiple point sources may be added as Dirichlet boundary conditions in the
EMHD model stiffness ntax used to solve the Poisson equation for computing the

electric field from the current sources. In initial simulations, each source can be assumed
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to have a fixed position, with all current source strengths simultaneously alternating
between a specifiedn-value and zero, allowing the electric field map to be computed
once. The orturrent (active) state electric field map can be alternated with a uniformly
zero electric field for ofistates to compute the Lorentz force at each time step. These
assumptioa simulate numerous sources with current strength similar to neuroelectric
potentials fixed in space exhibiting synchronous activity, allowing for simpler study of
the effect of multiple small current sources on LEI signal detectability. The effect of
asyrchronous activity on the EMHD dynamics and LEI contrast may also be explored in
future simulations by introducing varying levels of current source synchronization.

To model the multiple current sources, we can discretize the 1.5 mm x 1.5 mm
cortex voxel ino grid points spaced 1.5 um apart in the x and y dimensions (1000 x 1000
grid points, as opposed to the 512 x 512 grid points used in the previous chapter
simulations). Based on a current source density estif88fe we can regularly space
current sources at every third grid point in either dimension fdica thickness of 100
pm. For a slice thickness of 5 mm as in the previous chapter simulations, more current
sources can be used, forming a finer grid resolution (5000 x 5000 grid points spaced 0.3
pm apart in the x and y dimensions). Also, the currentcgosgtrengths can be on the
order of those generated by cortical axons @endrites(1-10 nA[2]) to better estimate

the sensitivity of LEI for imaging neuronal currents in the human cortex.
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6.3.3. Varying firing rates and gradient widths

Further stug is also warrantetb exploreoptimizatian of LEI for varying firing
rates in cortex by changingspects of the LEI protocol (e.g., the frequency of the
oscillating gradients, which must be synchronized to the neuronal currents of interest) to
optimize its useas an ncMRI method. The effect ofyashronous currents on the LEI
contrast mechanism is not well understood and can be studied using the EMHD model to
optimize LEI in this setting. As an example, visual stimuli cause synchronous firing of
neurons in the lateral geniculate nucleus (LGN)haf thalamus, which generate action
potentials along axons terminating on dendritic processes in the occipital [ddit@g].

At the same time, other current frequencies may exist, such as those from the
interneurons with electrotonic activity along their dendrites or action potentials along
their axons in the same voxel of cortex.

To study the use of LEh the occipital cortex, varying patterns of activity can be
modeled and their effect on EMHD and the LEI relative signal changes can be
determined. Typical LGN axon firing rates and activity from downstream dendrites due
to visual stimuli are on the ordef 20- 50 Hz[70], which correspond to activity periods
of 20 - 50 msecs. In this example, oscillating gradient pisriof a similar period would
optimize LEI detection of LGMelated activity. For interneuron axonal or dendritic
activity occurring at half the rate (:025 Hz) and after a brief delay, using oscillating
gradient periods tuned to the LGN activity will be half the period of the interneuron

firing rate, potentially canceling out the phase shiff)(accumulated from some of the

interneuron activity. As opposed to using oscillating gradient lobe widths of 52D
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msecs, using 40100 msecs will optimize detection of these interneuron currents but will
allow LGN axon spikes to occur equally during the positive and negative gradient lobes,

thereby cancelling out any phase shift accumulated from LGN activity. To maxiipize

and the LEI signal loss generated by all current sources in the cortex related to the visual
evoked response, oscillating gradient periods must be optimized to both of these firing
patterns.

To add more firing variation and stochastically dywomized activity, a
mechanistic model of LGN firing71] can be used for each LGN current source
simulated in the cortex voxel. Similarly, various models candsel to represent activity
of the interneurons or other cortical current sources. Therefore, using the EMHD model
to study the dependence of LEI signal loss on the oscillating gradient period in the setting
of multiple cell line firing patterns will be eful in optimizing an LEI protocol for

detecting cortical activity.

6.3.4. Restricted spaces

One facetof LEI in the cortex that requisemore careful consideratioto
represent in an EMHD model the effect of restricted spaces on the fluid dynamics
Restrictel spaces refer tmicroscopic compartments of intra and extracellular conducting
fluid between whichwater molecules magot travel freely due to the presence of cell
membranescell junctions,extracellular matrixand cytoskeletal elemenis neuronal

tissue Accounting for the effect of restricted spaces in the model may be simple and
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require use of a correction factor, an additional term in the velocity update steps, or a
different set of fluid dynamics equations. Or it may be more complicated anderegai

of a threedimensional bioelectric model of the cortex to compute the electric field,
followed by separate computations of fluid dynamics water parfatiase shift
accumulation in the intraand extracellular spaces before integrating signal danioins

from the intra and extracellular water molecules within each voxel.

A future experiment may be warranted to study the fluid dynamics in cortical gray
matter and determine what modifications to the fluid dynamics equations (Eq. 2.9) or the
paramete values may be required to accurately model water motion in the civex.
first estimate the diffusion and convection of water in the extracellular space of cortical
gray matter based on a literature review to assess the effect of restricted spaces on wa
motion under baseline physiologic conditions.

Brain tissue densitys approximatelyl.04 g/ml, which representa volume per
weight 0f0.96 ml / g of brain[72]. Next, the nean water content of normal gray matter in
adult Wistar ratss 76.9 +/ 1.4% (SD) 88.9% of total tissue wates free whereas 11.1
+/- 2.8% (SD)is bound(to extracellular matrix proteins and other large molecyl&3)

A standard value for the volume fraction of extracellular fluid (ECF) in the bgain
estimated at 20% (ranging from 1530%) [74]. Hence roughly 20% x 88.9% = 17.8%
of total gray matter is ECffee waterby volume and 17.8% x 0.96 ml/g &.17 ml / g of
brain tissuas occupied by ECF free watdt was measured that fluid convection occurs
in the intergtial fluid of rat brain at arate d . 1 1 g lwain/ min [75]. Based orthe
ECF free water volume per gramh brain thismears thatonly ~ 0.1 % of the total ECF
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free water thais moved by convection per minuteshich is far less than the fluid
fraction moved by convection in the electrolyte phantatso, this ECF fluid convection
is restricted to the perisaular spaces surrounding capillari&§], thereby making the
routes forbulk fluid flow in the ECF narrow and less random than the organization of
neuronal processes in the cortex

The limited amount of the ECF free water fraction moving through bulk flow
must do so througharrow channels- 20 nmin mean widththat aretortuaus, thereby
hindering velocity{ 74]. Measurements ofulk flow velocity in the white mattesre10.5
pm/min, whereas in gray matt bulk fluid flow only occurunder osmotic stress (no
measureable flow velocitytioerwise) at a velocity of ~ 3 um/m[i@6], far less than mean
velocity in the electrolyte phantom (5.2 cm/s frdable3.2). Therefore, thefeasibility of
LEI to measure bulk water flow in the ECF is unclear, and would require a computational
model (modified fluid dynamics equations accounting for tortuosity and restricted spaces
[74]) or an experimental (radiotracer injection or iontophord3i4) modelin a section
of cortex to estimate flow velocities and displacements under thepktdétbcol. EMHD
model simulation can be used to study LEI feasibility by adjusting [I| to recreate the
experimentally measureftbw velocities and displacementagnitude and estimatethe
meanSk and SRLTachievedn the ECF for a given LEI pulse sequerbee to the large
proportion of ntracellular fluid (ICF)in cortex 75% [74], a similar analysis of the LEI

signal changachievablen the ICF is also warranted.
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6.4. Discussion

The ability for LEI images to also infer current strength, eledtald strength,
flow velocity, and pressure in the electrolyte phantom provides additional benefit to LEI
mapping. However, the cerebral cortex is vastly different from the electrolyte phantom
due to the smaller dipole lengths, higher current sourcatdevith lower strengths, and
varying source firing rates. EMHD model modifications to account for these differences
were discussed in sectiofs3.1, 6.3.2 and6.3.3 respectively. Further simulation using
these EMHD model modifications can be performed to approximate the LEI signal
change due to activity in the cortex and how to optimize an LEI protocol for mapping

experiments in the brain.
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Appendix: MATLAB function codem-files

MHD_Square.m

function MHD_Square(method, runopt, varload, outpultfile,
varargin)

% function MHD_Square(method, runopt, varload, outputfile,
% varargin)

% Created By: Navid Pourtaheri

% Last updated 3/12/2013

%

% Uses a modified version of the Navier - Stokes SIMPLE
% Method to compute velocities of particles due to the

% Lorentz force under electromagnetic fields in a square

% domain of electrolyte

% capable of varying the order of operations in

% computing particle velocity updates

%

% Computes particle displacement and phase shifts based on
% the Particle tracking method and Reynol d
% method

%

% Simulates MRI image generation from the Lorentz Effect
% Imaging protocol

%

% method O: testrun (default)

% Other options not used in final sims, replaced by FTT
%

% Order of operation methods for velocity update

% FTT == 0, Separate force then convection update

% FTT == 1, Combined convection + force update

% FTT == 2, Separate force after convection update

% FTT == 3, Separate forc e after implicit viscosity

% FTT == 4, Separate force after pressure update

%

% runopt: used to determine output style (default = 2)

% No longer used in final sims, Replaced by | = runopt

% runopt 0, (save only) no display (text and signal plot

% saved)

% runopt 1, display text only (save signal plot, others not

% shown)

% runopt 2, (show only) display all text and plots, no text
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% or plots saved

% runopt 3, display all text and plots, save signal plot

% runopt 4, (show & save) display all text & plots, s

% text & signal plot

%

% varload: parameter values may be loaded from varload.mat
% to overwrite

% any default value

% outputfile: where final workspace output(s) will be saved
% varargin: variables to save in outputfile (optional,

% default = all)

% testrun = 0: uses stored or assigned space -
% variables

% testrun = 1: overrides all space - time variables for

% default simulation

% Use tic to report predicted and final simulation r
tic

% handle file i/o inputs, create display file for runopt
if nargin < 1, method = 1; end

if nargin < 2, runopt = 5e - 3;end

if nargin < 3, varload = 'MHD _input’; end

if nargin < 4, outputfile = '"MHD_output'; end

if nargin > 4, savevars = varargi n; else savevars ="; end

numvars = length(savevars);

| = runopt;

disp(['l ="' num2str(1*1000) ' mAY);
FTT = method,;

disp([FTT =" num2str(FTT)]);

if isempty(outputfile)
outputfile = 'MHD_output’;
end
outputfile = [outputfile '_I' num2str(I1*1000)] ;
displayfile = [outputfile '_display;
plotfile = [outputfile '_plotT;

% Server directory switching, server = 0 runs in current

% directory
server = 0;
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% Other simulation options: on = 1, off = 0 (default)

bounce =0; % Bounce method (no longer u sed in final

sims)

PTT =1, % Particle tracking method

Vmulti=0; % Plot velocity update images for first

time step then quit

timedep =1; % Plot time dependent dynamics

plotextra = 0; % Additional plots of the EMHD model

parameter space

upwind =1; % upwinding in N - S SIMPLE method, default =
% 1 in final sims

% testrun
if method ==
method = 2; runopt = 4; testrun = 1,

d is p ('*******************************')

disp(*** Test Running MHD_Square ***);

d is p ('*********** ********************')

PTT =1; Vmulti = 0;

else
testrun = 0;
end

% Check current path. If in code dir, switch to default
% output dir
outputpath = pwd;
if server
if length(outputpath) < 24
outputpath = '/nefs/np2/MATLAB_OUTPUT/MHD",
end
if outputpath(1:23) ~= '/nefs/np2/MATLAB_OUTPUT
outputpath = '/nefs/np2/MATLAB_OUTPUT/MHD’;
end
if ~exist(outputpath,'dir)
mkdir(outputpath);
end
end

% % use runopt to determine output style
fid = fopen([displayf ile ".txt],'wt');
disp(['display text saved to: ' displayfile]);
diary([displayfile '.txt7); diary on;

% update Phi based on go
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gupdate = 0;

% Switch to run directory for saving outputfiles
cd(outputpath);
fprintf(fid, '%s \ n', ['working directory: ' pw d));
if server
addpath(‘'/nefs/np2/MATLAB_CODE");
end

% Option to draw circle delineating phantom
drawcirc = 1;

%% Parameter Space

% Set default values

% Physical Parameters

Bz =4; % magnetic field strength (T)

% 1 =5e -3; % current pulse magnitu de (A)
Tp =2e - 3; % current pulse width (s)

R =1e3; % phantom resistance (Ohm)

d=10e -2; % phantom diameter (m)

Ix=d;ly=d;

V=1*R; % inter - electrode voltage (V)

Phiw = V/2;

PhiE = -V/2;

sig = 140; % electrical conductivity of fluid (S/m)

um = - 9e- 6; % magnetic permeability of the fluid (H/m =

% Ohm*s/m)
eo = 8.854e - 12; % permitivity of free space
er=80.1; % relative permitivity of water at 200C
g=1.602E -19; % elementary charge in C
avo = 6.022e23; % Avogadros number of elementa ry charges
% per mol of ion
pc = 2.8; % density/concentration solute g/l (Kg/m3)
MOL = 249.70; % molecular mass of hydrated CuSO4 g/mol
gom = pc/MOL*avo*g*1e3; % C/m3 maximum charge density

% Navier - Stokes parameters

pw =998.2; % density o f water (kg/m3)

pf=1001; % density of fluid (kg/m3)

eta= le -3; % dynamic (static) viscosity of water at 20
% oC m2/s

% MRI parameters
Gx=36e -3; %X - gradient magnitude (T/m)

123



Gy=36e -3;, %y - gradient magnitude (T/m)

Tg=Tp; % gradient lobe width
ngo = 15; % number of gradient oscillations
g = 2*pi*42.576¢€6; % gyromagnetic ratio for H1 (rad/s/T)
DZ =5e -3; % MRI slice thickness
MAT =[128,128]; % MRI acquisition matrix size [# rows,
% # cols]
FOV = [d,d]; % MRI Field of View (m)
% Simulation / Visualization Parameters
nt = 1000; % default = 1000, number of time
% steps per pulse lobe
nsteps = round(nt/10) % number of steps between

% visualization refresh

DX = FOV(2 )/MAT(2); % voxel size along x (m)
DY = FOV(1)/MAT(1); % voxel size along y (m)

% Overwrite parameter values from .mat
if isempty(varload) || ~exist([varload '.mat, 'file")
varload = 'MHD _input’;
else
load(varload);
fprintf(fid, '%s \n', ..
['paramaters loaded from: ' varload '.mat");
end

% set gradient lobe width to equal current pulse width
Tg=Tp;

% Vary order of update for Navier Stokes equations
if PTT

fprintf(fid,'%s \ n', "Particle Tracking Method");
else

fprintf(fid,'%s \'n', 'Reynold"s Transport Theorem);
end
if FTT ==

fprintf(fid,'%s \n, .

‘Separate force then convection update’);
end
if FTT ==

fprintf(fid,'%s \n', ..

'‘Combined convection + force update);
end
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if FTT ==
fprintf(fid,'%s \n, .
‘Separate force after convection update’);

end
if FTT ==
fprintf(fid,'%s \n', ..
‘Separate force after implicit viscosity');
end
if FTT ==
fprintf(fid,'%s \n, .
'Separate force after pressure update’);
end
%% Allocate remaining var iables based on set parameters

% force FD grid to be uniform square grid based on nscale *
% MAT resolution

nscale = 4,

MAT2 = round(nscale*FOV./min(FOV./MAT));

nx = MAT2(1); ny = MAT2(2);

% simulate full pulse - gradient sequence

t=0;

tmax = 2*ngo*Tp;

ndt = 2*ngo*nt;

% allocate other variables

dt = tmax/ndt; % time step size (sec)
tt = zeros(ndt+1,1);

vV = tt; vim = tt; vl = tt;

dd =tt; dm =tt; dl = tt;

pp = tt; pm = tt; pl = tt;

% % vars for phase approximation methods from Song (not
% used in fi nal sims)

% ppna = zeros(2*ngo+1); pana = ppna;

% ppnb = ppna; panb = ppna,;

% Approximate magnetic damping time

Td = 1/(sig*Bz"2/pf); % (sec)

fprintf(fid, '%s \ n', [magnetic damping time: ', ...
num2str(Td) ' sec’);

% Set other equation coefficients
Re =1/eta;
Cp = dt/pf;
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Cf = dt/pf;
Cb=1;

% Compute diffusion weighting
D=1e -9; % diffusion coeff for water
b = 2/3*ngo*g"2*Gx"2*Tg"3; % diffusion weighting factor

% (s/m”2)

dw =exp( - b*D); % diffusion weighting

% Save all runtime parameters to .txt file, display

% relevant ones

fprintf(fid, '%s \ n', ['input file: ' varload]);

fprintf(fid, '%s \ n', ['output file: ' outputfile]);

fprintf(fid, '%s%6.4€%s%6.4€%5%6.4€%s%3.1f \n','pf=" ..
pf,';eta=" eta,'; Re =", Re,"' ; hgo ="', ngo);

save([varload '_run.mat');

fprintf(fid, '%s \ n', ['run parameters saved to: ', ...

varload '_run.mat’);

%% Simulate water displacement during each current pulse /
% gradient lobe

% Voxel grid variables, center points for each voxel

xl= [-FOV(1)/2:DX:(FOV(1)/2 - DX)] + DX/2;

yl=[ -FOV(2)/2:DY:(FOV(2)/2 -DY)] + DY/2;

[XX,YY] = meshgrid(xl,yl);

[nr,nc] = size(XX);

NV = nr*nc; % number of voxel elements

% Navier - stokes grid variables

x = linspace( - d/2,d/2,nx+1); dx = d/nx;

y=lins pace( - d/2,d/2,ny+1); dy = d/ny;

[X,Y] = meshgrid(x,y);

Vm = zeros(size(X)); VFx = Vm; VFy = Vm; DM = Vm; VM = Vm;

% initial velocities
vXx = zeros(ny,nx -1); % (m/s) velocity (90x89), off x, on'y
vy = zeros(ny - 1,nx); % (m/s) velocity (89x90), on x, off y

% boundary conditions

uN = x*0+0e - 1; vN = avg(x)*0;
uS = x*0+0; vS = avg(x)*0;

uW = avg(y)*0+0e - 2; VW = y*0;
uE = avg(y)*0; VE = y*0;
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% Water proton grid variables

if PTT

wscale = 2; % if testrun, wscale = 1; end
else

wscale = 1;
end

nwc =wsc ale; % number of water molecules per NS column,
default = 4

nwr = wscale; % number of water molecules per NS row,
default =4

[xw,yw] = mesh  grid([ - d/2:dx/nwc:(d/2 - dx/nwc)]+ dx/nwc/2,
[ - d/2:dy/nwr:(d/2 - dy/nwr)]+  dy/nwr/2);

ph =z eros(size(xw));

XC = XW; YC = yw;

if PTT
% set current locations
Xi = XW; yi = yw;
Xl =xw; YI =yw,;
else
phdx = ph; phdy = ph;
end

nw = numel(xw);

% store original pulse - gradient values
Vo=1;, % 1=pulseon

Gxo = Gx;

Gyo = Gy;

V= I*R; % inter - electrode voltage (V)
PhiW = V/2; PhiE = -VI2;

%% Form Laplacian matrices, permutation arrays, and
% Cholesky factorizations

% Create electric potential and connectivity matrices

Phi = zeros((ny+1)*(nx+1),1);

Ubc = dt*eta*([2*uS(2:end - 1); zeros(ny -2,nx -1); ..
2*uN(2:end - 1))/dx"2 + [uW' zeros(ny,nx - 3) UE'l/dy"2);
Vbc = dt*eta*([vS; zeros(ny - 3,nx); VN]/dx"2 +

[2*vW(2:end - 1) zeros(ny -1,nx -2) 2*vE(2:end - 1)'1/dy"2);
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% Pressure update matrices
P = zeros(ny,nx);
p = reshape(P, [,1);

PM = P;
NP = 1:length(p);
Lp = kron(K1(nx,dx,1),speye(ny)) + ..

kron(speye(nx),K1(ny,dy,1)) ;

% force center node WP to pressure P =0

WP = round((ny)*((nx)+(1 - rem((nx),2)))/2);
Lp(WP,:) = [I;

Lp(:,WP) =I;

NP(WP) = [I;

p2 = zeros(length(NP) ,1);

% Create pressure permutation array and Cholesky

% factorization matrix using approximate minimum degree
% permutation

perp = symamd(Lp);

Rp = chol(Lp(perp,perp));

Rpt = Rp’;

% Implicit viscosity update matrices

Lu=spey e(ny*(nx - 1))+dt*eta*(kron( Ki(nx 1,dx,2),
speye(ny)) +  kron(speye(nx - 1),K1(ny,dy,3)));

Lv = speye((ny -1*nx) + dt*eta*(kron(K1(nx,dx,3),

speye(ny -1))+  kron(speye(nx),K1(ny - 1,dy,2)));
% Create viscosity permutation array and C holesky
% factorization matrix using approximate minimum degree

% permutation

peru = symamd(Lu);

Ru = chol(Lu(peru,peru));
Rut = Ru’;

perv = symamd(Lv);

Rv = chol(Lv(perv,perv));
Rvt = RV';

% Electric al potential update matrix
M = kron(K1(nx+1,dx,1),speye(ny+1)) + ..
kron(speye(nx+1), K1(ny+1,dy,1)));
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% Remove rows and cols of fixed potential points WN, EN, NN
WN = round((ny+1)/2);

EN = (ny+1)*nx+round((ny+1)/2);

NN = 1:((ny+1)*(nx+1));

% Add contribution of fixed potentials to Laplacian of
% other grid points

LSWN = sum(M(:,WN),2);

LSEN = sum(M(;,EN),2);

% form contribution vector PhiB for poisson equation
PhiB = PhiWw*LSWN+PhiE*LSEN;

M(IWN EN],’) = [I;

M(,[WN EN]) = J;

NN(WN EN]) = [I;

PhiM = zeros(length(NN),1);

% Create permutation array and Cholesky factorization

% matrix  solving for electrical potential in Poi ssonods
% equation  using approximate minimum degree permutation

perM = amd(M);

RM = chol(M(perM,perM));

RMt = RM';

% Solve for initial potentials

rhs = - PhiB;

rhs([WN EN]) = [I;

% rhs =reshape(qo'/eo/er,[],1)+PhiB;
PhiM(perM) = RM \ (RMt\ rhs(perM));

% place back in dirichlet potentials
Phi(NN) = PhiM; Phi(WN) = PhiW; Phi(EN) = PhiE;
Phi2 = reshape(Phi,ny+1,nx+1);

% qo formulation for non - uniform charge density (final sims
% used uniform charge density

go = zeros(size( Phi2));

QMEAN = mean(abs(qo(:)));

PMEAN = mean(abs(Phi2(:)));

% Plot initial electric potentials
figure; contourf(x,y,Phi2,20,'w - "), colorbar
Phi = sort(Phi2(%));
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caxis(Phi([1 end)));

% Solve for Electric Fields

Ex = -diff(Phi2,1,2)/dx; % (V/m) stimulus (91x90)
Ey = - diff(Phi2,1,1)/dy; % (V/m) stimulus (90x91)

[Xavg, Yavg] = meshgrid(avg(x),avg(y));

[EX, N] = exbound( avg(Ex),Xavg,Yavg,d/2,0, O, circle’, 0);
[EY, N] = exbound(avg(Ey')',Xavg,Yavg,d/2,0,0,'circle’, 0);
EM = sqrt(EX.A2 + EY.A2);

disp(['Ex(min, mean, max) = (' num2str(min(Ex(:))) ) e

Y num2str(mean(Ex())) ', ' -
num2str(max(Ex(:))) ) V/m');

disp([Ey(min, mean, max) = (' num2str(min(Ey(:))) -
"', num2str(mean(Ey(?))) ', ' -
num2str(max(Ey(:))) ) V/im');

disp([EX(min, mean, ma X) = (' num2str(min(EX(%))) -
" num2str(sum(EX(}))/N) ', ' -
num2str(max(EX(:))) ) V/Im');

disp([' EY(mln mean, max) = (' num25tr(m|n(EY( ) -
S num2str(sum(EY(:))/N) ', e
numz2str(max(EY(:))) ) vimY);

disp([EM(min, mean, max) = ( "num2str(min(EM(:))) I
! num2str(sum(EM(0))/N) 4! -
num2str(max(EM(:))) ") V/Im');

% Display simulation parameters

fprintf(fid, '%s \n', [ --  Stimulus Parameters - D;

fprintf(fid, '%s \ n', ['current pulse width: '

num2str(Tp*1000) ' ms'));

fp rintf(fid, '%s \ n', ['current pulse strength:

num2str(1*1000) ' mA');

fprintf(fid, '%s \ n', ['electrode potentials: +/ -

numz2str(V/2) ' V');

fprintf(fid, '%s \ n', [Ex(min, mean, max) = ('

num2str(min(Ex(:))) ', ', num2str(mean(Ex()))) ', ' ) e
numa2st r(max(Ex(: ))) N vimY);

fprintf(fid, '%s \'n', [Ey(mln mean, max) = ('
num2str(min(Ey(:))) ', ', num2str(mean(Ey(: ))) '
numz2str(max(Ey(:))) ) V/im');

fprintf(fid, ' \'nY);

fprintf(fid, '%s \n, [  -- MRIParameters --);

fprintf(fid, '%s \n',[B -field, |Bz|: ' num2str(Bz) ' T']);

fprintf(fid, '%s \ n', ['[GX,GyY]: [' num2str(Gx*1000)

num2str(Gy*1000) 1 mT/m');
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fprintf(fid, '%s \ n', ['gradient lobe width: ' ) e
num2str(Tg*1000) ' ms']);

fprintf(fid, '%s \ n', ['matrix size: ' num2st r(MAT(1)) , ...
X', num2str(MAT(2)) ' voxels');

fprintf(fid, '%s \ n', [FOV: [ num2str(FOV(1)*100) ',', ...

num2str(FOV(2)*100) '] cm’]);

fprintf(fid, '%s \n', ['b - factor: ' num2str(b*1e -6), ...
's/mm”21);

fprintf(fid, ' %s n', ['diffusion weighting: -
numa2str(dw)]);

fprintf(fid, ' \ nY);

fprintf(fid, '%s \n', [ --  MHD Parameters -- ');

fprintf(fid, '%s \ n', ['total simulation time: ' ) e
numa2str(tmax*1000) ' ms']);

fprintf(fid, '%s \ n', ['simulation time step: ' e

numz2str(dt*1000) ' ms");

% Estimate simulation run time using MHD_SquareTimed

% version of code comput e simulation loop for one time step

loadtime = toc; tic;

MHD_SquareTimed;

runtime = toc*tmax/dt + 2*loadtime;

fprintf(fid, '%s \ n', ['estimated run time: ' e
s2hms(runtime)));

%% EMHDand LEI  simulation
] =0; 1 =0;if Vmulti, jjj = 0; end
tt(1) = 0; tmag = 0;

VM = zeros(size(X));

% initialize time - dependent variables for plotting
if timedep
Vx = avg([uS; [uW' vx UE] ; UN]);

Vy = avg([vW' [vS; vy; VN] VET)’;

VFf = sgrt(Vx.A2 + Vy.~2);

[VF, N] = exbound(Vf, X, Y, d/2, 0, O, ‘circle’, 0);

w(j+1) = max(VF(:));

vm(j+1) = sum(VF(:))/N;

[DM, N] =ex  bound(sgrt((xc - XW).A2 + (yc - yw).A2), ...
xw, yw, d/2, 0, 0, ‘circle’, 0);

dd(j+1) = max(DM(y));

dm(j+1) = sum(DM(;))/N;

[PM, N] = exbound(ph, xw, yw, d/2, 0, 0, ‘circle’, 0);
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pp(+1) = max(PM()));
pm(j+1) = sum(PM(:))/N;
end

% simulation loop
for t = dt:dt:tmax
% initial ve locity at each time step
vXxo = [uW' vx UET;
vyo = [VS; vy; VNJ;
% EM force correction %%%%%%% %% %% %% %% %% %% %% Y HSAHF %/ 0

if FTT == 0 % EM force update first
% first order model
%v=ExXxB/B2=[vx=Ey*Bz; vy = - EX*Bz]
%v=JxB
% J = sigma*(E + v x B)
% fx = +Bz*sig*(Vo*Ey(:,2:end -1) - Bz*vx);
%fy= - Bz*sig*(Vo*Ex(2:end -1,)) + Bz*vy);
% fx is a small negative number dominated by - Bz*vx
% fy is a large negative number dom inated by Ex
Jx = sig*(Vo*Ex(2:(end - 1),:) + Cb*Bz*vy);
Jy = sig*(Vo*Ey(:,2:(end -1)) - Cb*Bz*vx);

% f = J x B volumetric Lorentz force on a
% conducting fluid
fx = Bz*Jy;
fy= -Bz*Jx;
% Update velocity due to EM force
VX = VX+CF*X;
vy = vy+Cf*y;
if Vmulti ==
disp(['Vfig # num2str(jjj+1), ...
" after Lorentz force correction']); Vfig;
end
end

% compute velocity at the end of each time step
% Navier - Stokes SIMPLE Method

% treat nonlinear terms

Vxo = [uW' vx uE7;

Vyo = [vS; vy; VN];

gamma = min(1.2*dt*max(max(abs(vx(:))) /
dx,max(abs(vy(:)))/dy),1);

Ue =[2*uS - Vxo(1,); Vx0; 2*uN - Vxo(end,))];

Ve =[2*vW' -Vyo(:,1) Vyo 2*VE' - Vyo(:,end)];

Ua = avg(Ue);
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ud = diff(Ue,1,1)/2;

Va = avg(Ve');

vd = diff(Ve,1,2)/2;

UVx = diff(Ua.*Va - gamma*abs(Ua).*Vvd,1,2)/dx;

UVy = diff(Ua.*Va - gamma*Ud.*abs(Va),1,1)/dy;

Ua=avg(Ue(2:end -1, :));

uUd = diff(Ue(2:end -1,),1,2)/2;

Va = avg(Ve(:,2:end -1));

Vd = diff(Ve(;,2:end -1),1,1)/2;

u2x = diff(Ua."2 - gamma*abs(Ua).*Ud,1,2)/dx;

V2y = diff(Va."2 - gamma*abs(Va).*Vvd,1,1)/dy;

if ~upwind

% Remove gamma term, no upw  inding
Ue = [2*uS -vxo(1,:); vxo; 2*uN - vxo(end,:)];
Ve = [2*vW' - vyo(:,1) vyo 2*VE' - vyo(:,end)];
Ua = avg(Ue);
Va = avg(Vve');

Uvx = diff(Ua.*Va,1,2)/dx;
UVy = diff(Ua.*Va,1,1)/dy;
Ua=avg(Ue(2.end -1,));
Va = avg(Ve(:,2:end -1));
U2x = diff(Ua.”2,1,2)/dx;
V2y = diff(Va.”2,1,1)/dy;

end

% update velocity due to convective acceleration
if FTT == 1 % Combine convection and force update
vx =vx -dtf(UVy(, 2:end - 1)+U2x) + Cf*fx;
vy =vy -dt*(UVvx(2:end -1,))+V2y) + Cf*y;
if Vmulti ==
disp(['Vfig # num2str(jjj+1), ...
aft erLorentz force and convection
correction'); Vfig;

end

else % C onvection update only
vx =vx -dtf(UVy(,2:end - 1)+U2x);
vy =vy -dt*(UVx(2:end - 1,)+V2y);
if Vmulti==1

disp(['Vfig # num2str(jjj+1), ...
' after convective acceleration
correcti  on']);
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Vfig;

end
end
if FTT == 2 % EM force update after convection update
Jx = sig*Vo*(Ex(2:(end - 1),:) + Cb*Bz*vy);
Jy = sig*Vo*(Ey(:,2:(end -1)) - Cb*Bz*vx);
% f = J x B volumetric Lorentz force on a
% condu cting fluid
fx = Bz*Jy;
fy= -Bz*Jx;
% Update velocity due to EM force
VX = VX+Cf*fx;
vy = vy+CfHy;
if Vmulti ==
disp(['Vfig # num2str(jj+1), ...
" after Lorentz force correction ); Vfig;
end
end

% update velocity due to implicit viscosity
% vectorize matrices, compute cholesky solution to
% inverse problem
rhs = reshape(vx+Ubc,[],1);
u(peru) =Ru \ (Rut \ rhs(peru));
vX = reshape(u,ny,nx -1);
rhs = reshape(vy+Vbc,[],1);
v(perv) = Rv  \ (Rvt \ rhs(perv));
vy = reshape(v,ny - 1,nx);
if Vmulti ==
disp(['Vfig # num2str(jjj+1), ...
" after implicit viscosity correction’]); Vfig;

end
if FTT == 3 % EM force upda te after viscosity
Jx = sig*Vo*(Ex(2:(end -1),)) + Cb*Bz*vy);
Jy = sig*Vo*(Ey(:,2:(end -1)) - Cb*Bz*vx);

% f = J x B volumetric Lorentz force on a
% conducting fluid

fx = Bz*Jy;

fy= -Bz*Jx;

% Update veloci  ty due to EM force
VX = vX+Cf*fx;

vy = vy+Cfy;
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if Vmulti ==
disp(['Vfig # num2str(jjj+1), ...
. after Lorentz force correction']); Vfig;

end
end
% Pressure correction by solving linear system from
% Poisson Equation
% - Laplacian(P)/pf = - (1/dt)*grad(v)

rhs = reshape(diff(JuW' vx uE'],1,2)/dx + ...
diff([vS; vy; vN],1,1)/dy,[],1)/Cp;
rhs(WP) = [I;
p2(perp) = - Rp\ (Rpt \ rhs(perp));
P(NP) = p2; p(WP) = 0;
P = reshape(p,ny,nx);
vX = vx - Cp*diff(P,1,2)/dx;
vy =vy - Cp*diff(P,1,1)/dy;
if Vmulti ==
disp(['Vfig # num2str(jjj+1), ...
' after pressure correction]); Vfig;
end

if FTT == 4 % EM force update after pressure upda te
Jx = sig*(Vo*Ex(2:(end -1),:) + Cb*Bz*vy);
Jy = sig*(Vo*Ey(:,2:(end -1)) - Cb*Bz*vx);
% f = J x B volumetric Lorentz force on a
% conducting fluid
fx = Bz*Jy;
fy= -Bz*Jx;
% Update velocity due to EM for ce
VX = vX+Cf*fx;
vy = vy+Cffy;
if Vmulti ==
disp(['Vfig # num2str(jjj+1), ...
" after Lorentz force correction’]); Vfig;
end
end

if PTT
%%%%%% %% %% %% %% % %% %% %% %% %% %% %% %% % %84%8%4686 %
% Compute mean velocity and distance traveled
% vm = mean velocity per time step at each point
vxm = ([uW' vx UE'l+vx0)/2;
vym = ([vS; vy; VN]+vyo0)/2;
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% Compute distance traveled for each molecule base
% on location within voxel using linear

% approximation

% D = (vi + vf)/2*dt

X1 = fix((xc+d/2 - eps*10)/dx)+1;

Y1 = fix((yc+d/2 - eps*10)/dy)+1;

xrem = rem((xc+d/2),dx)/dx;

yrem = rem((yc+d/2),dy)/dy;

ddx = dt*(xrem.*vxm(YIl+ny*XI) + ..
(1 - xrem).*vxm(YI+ny*(XI -1)));

ddy = dt*(yrem.*vym(YI+1+(ny+1)*(XI -1)  + ...
(2 - yrem).*vym(YIl+(ny+1)*(XI -1)));

% Compute phase from xo, yo and update xc, yc
X0 = XC; YO = YC;
XC = xc + ddx; yc = yc + ddy;
% Limit water to region inside square
K2 = find( (abs(xc) > (d/2 - eps)) |
(abs(yc) > (d/2 - €ps)) );
if ~isempty(K2)
% bounce water off boundary (inelastic, deflect
% distan ce = eps)
% determine intersection of trajectory and
% circle
deltax = ddx(K2);
deltay = ddy(K2);
X00 = xo(K2);
yoo = yo(K2);
xi = xc(K2);
yi = yc(K2);
mi = deltay./deltax; % slope
bi = yoo - mi.*xo00; % intercept
IS = abs(deltax) <= eps; % infinite slope index

% if infinite slope

K4 = find(IS);

yi(K4) = sign(deltay(K4))*(d/2 - eps);

xi(K4) = xoo(K4);

% wrong intersection condition

KW = find(abs(xi(K4)) > (d/2 - eps));

xi(K4(KW)) = sign(deltax(K4(KW)))*(d/2 - eps);

yi(K4(KW)) =
[Mi(K4(KW)).*xi(K4(KW))+bi(K4(KW))];
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else

% if non - in finite slope

K3 = find(~1S);

xi(K3) = sign(deltax(K3))*(d/2 - eps);

yi(K3) = [mi(K3).*xi(K3)+bi(K3)];

% wrong intersection condition

KW = find(abs(yi(K3)) > (d/2 - eps));

yi(K3(KW)) = sign(deltay(K3 (KW)))*(d/2

Xi(K3(KW)) = [(Yi(K3(KW)) -
bi(K3(KW)))./mi(K3(KW))];

% determine incidence (a) and intersection
% (theta) angles

% resultant angle (rang) is in opposite

% direction of motion

% rang = pi + 2*theta - a

if bounce
rang = pi + (2*atan2(yi,xi) T
atan2(deltay,deltax));

else

rang = pi+atan2(yi,xi);
end
xc(K2) = xi+eps.*cos(rang);
yc(K 2) = yi+eps.*sin(rang);
% update differential displacement

ddx(K2) = xc(K2) - X00;
ddy(K2) = yc(K2) - Yyoo;

end

K3 = find( (abs(xc) > (d/2 - eps)));

xc(K3) = sign(xc(K3))*d/2;

K4 = find( (ab s(yc) > (d/2 - eps)));

yc(K4) = sign(yc(K4))*d/2;

% Warning when correcting out of bounds error

if (~isempty(K3) || ~isempty(K4) )

fprintf(fid, '%s \n, .

['warning out of bounds: past xlim =" ...
num2str(length(K3)) ', past ylim =", ...

num2str(length(K4)) "att =" ) e

num2str(t*1000) 'msec’);
end

ddx = dt*avg((Juw' vx uE'l+vxo0)")/2;
ddy = dt*avg([vS; vy; vN]+vyo0)/2;
XC = XC + ddx;
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end

yc =yc + ddy;

%% Compute phase accumulating over each time step
j= L
if PTT

else

end

% store
VX =
Vy =

ph = ph + g*dt*(Gx*(xc - ddx/2)+Gy*(yc

% include boundary nodes

vxm = [uW' vx UE'];

vym = [VS; vy; v NJ;

[phdx,phdy] = gradient(ph,dx,dy);

ph = ph + dt*(g*(Gx*xw+Gy*yw) -
phdx.*avg(vxm')' - phdy.*avg(vym));

avg([uS; [uW' vx UE']; uN]);
avg([vW' vS; vy; VN] VE)';

VI = sqrt(Vx.A2 + Vy.~2); % ny+1 x nx+1
Dm =sqrt((xc - xw).*2 + (yc - yw)."2);

% store time dependent plot variables
tt(j+1) = t;
if timedep

end

% final velocity in circular phantom region

- ddy/2));

mean and max velocity, displacement, and phase

[VF, N] = exbound(Vf,X,Y,d/2,0,0, ‘circle’, 0);

vi(j+1) = min(VF(:));

vw(j+1) = max(VF());

vm(j+1) = sum(VF(:))/N;

% final displacement in circular phantom region
[DM, N]=  exbound(Dm,xw,yw,d/2,0,0,'circle’,
di(j+1) = min(DM(Y));

dd(j+1) = max(DM(y));

dm(j+1) = sum(DM(:))/N;

% final phase shift in circular phantom region
[PM, N] = exbound(ph,xw,yw,d/2,0,0,'circle’,0);
pl(j+1) = min(PM(:));

pp(+1) = max(PM(.));

pm(j+1) = sum(PM(:))/N;

% Determine lobe parameters
% current lobe number (final lobenum = 2*ngo)
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lobenum = ceil(j/nt);

% End of negative lobe
if (t>(Tg - dt))&&(rem(j,2*nt) == 0)
% positive - pulse gradient sequence initi ation
fprintf(fid, ' \ n%s n', [ -- End of lobe #' ) oo
num2str(lobenum), ', t =" num2str(t*1000)
"msec, Gx ="' num2str(Gx*1000), ...
"mT/m, | =" num2str(I*Vo*1000) ' mA )
Vo = 1; Gx = Gxo; Gy = Gyo;
end
% End of positive lobe
if (t>(Tg - dt))&&(rem(j,2*nt) == nt)
% store final parameter values at end of each pos
% gradient lobe
VFx = Vx; VFy = Vy; Vm = Vf, tmag = t; PR = P;
EMx = Ex; EMy = Ey;
% negative - pulse g radient sequence initiation
fprintf(fid, ' \ n%s n', [ -- End of lobe #' ) oo
num2str(lobenum), t= -
num2str(t*1000) ' msec, Gx =" ) e
num2str(Gx*1000), "'mT/m, | =" Lo
num2str(1*Vo*1000) ' mA )
% set new gradient and current lobe magnitudes
Vo =0; Gx = -Gxo; Gy = - Gyo;
end

if qupdate

% Update go and Phi

% dg/dt = - sig*div(E + v x B)

% dg/dt = - sig*div(Ex + vy*Bz, Ey - VX*Bz)

% dg/dt= - sig*(diff(Ex + vy*Bz,1,2)/dx + ) e

% diff(Ey - vx*Bz,1,1)/dy)

LEx = Vo*diff(Ex,1,2)/dx;

LEy = Vo*diff(Ey,1,1)/dy;

go(2:(end -1),2:(end -1))=qgo(2:(end -1), ..
2:(end -1)) - dt*sig*(LEx(2:(end -1),)+
LEy(:,2:(end - 1)));

% rhs from go and removed dirichlet nodes from Phi

rhs = -Vo*PhiB - reshape(qgo,[],1)/eoler;

rhs([WN EN]) = [];

PhiM(perM) = RM \ (RMt\ rhs(perM));
% place back in dirichlet potentials
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Phi(NN) = PhiM;

Phi(WN) = Vo*Phi  W;
Phi(EN) = Vo*PhiE;

Phi2 = reshape(Phi,ny+1,nx+1);
QMEAN = mean(abs(qo(y)));
PMEAN = mean(abs(Phi2(:)));

% Update Electric Fields

Ex = -diff(Phi2,1,2)/dx; % (V/m) stimulus (91x90)

Ey = - diff(Phi2,1,1) /dy; % (V/m) stimulus (90x91)
end

% display average and final velocity, displacement and
% phase at the end
% of each pulse - gradient lobe at time t = tmag
if (t>(Tg - dt))&&(rem(j,nt) == 0)
| =1+1;
% display final velocity, phase, and displacement;
fprintf(fid,'%s \ n',['|v|] (min, mean, max): (' e
num2str(vi(j+1)), ', ' num2str(vm(j+1)) o
", " num2str(vv(j+1)) ) m/s);
fprintf(fid,'%s \ n',['|d] (min, mean, max): (' e
num2str(d 1(j+1)), ', ' num2str(dm(j+1)) o
", "num2str(dd(j+1)) ) m);
fprintf(fid,'%s \ n',['phi (min, mean, max): (" y o
num2str(pl(j+1)), ', ' num2str(pm(j+1))
", " num2str(pp(j+1)) ) rad’);
end

% visualizat ion during simulation

if (floor(50*j/ndt)>floor(50*(] - 1)/ndt))&&(j<=ndt)
fprintf(fid, '%s \ n', [num2str(100*j/ndt) ) e
'% complete’);
end
if (runopt >= 2)&&(rem(j,nsteps)==1)
if qupdate
% plot updated potentials ma p for charge density
% redistribution, n ot used in final sims
figure(H1);
clf, contourf(x*100,y*100,Phi2,20,'w -
colorbar; drawnow;
end
end
if Vmulti
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break;
end
end

%% Display Navier - Stok es Variab

[Xavg, Yavg] = meshgrid(avg(x),avg(y))
if (runopt >= 2)

les

% Plot electric potential contour map

H1 = figure;
contourf(x*100,y*100,

exbound(PhiZ,X,Y,d/Z,(.).,.(),'circle',O),20,'W

caxis([min(Phi2(;)) max(Phi2(:))]);

[cmin cmax] = caxis; axis square;

colorbar; cmap = colormap(‘gray’);

cref = round((0 - cmin)/(cmax

if cref< 1, cref=1; end

refcolor = cmap(cref,:);

% widen field of view to match JM

axis(( -6,6, -6, 6)]);axisij;

set(gca, 'Color, refcolor);

if drawcirc, hold on;
circle(0,0,100*d/2,'

xlabel('x (cm)"); ylabel('y (cm)?;

- cmin)*length(cmap));

R paper

- r','LineWidth',2); end

title(['Electric potential contours for | ="'

num2str(1*1000), "mA,
num2str(t*1000) ' msec’);
if (runopt ~= 2)

at t="

saveas(H1,[sprintf(plotfile) '_Phi.png’,'png’)

fprintf(fid, '%s \n', [P
plotfile '_Phi');
end

% Plot pressure contour map

H2 = figure;

contourf(avg(x)*100,avg(y)*100, ..
exbound(PR,Xavg,Yavg,d/2,0

caxis([min(PR(:)) max(PR(:))]);

[cmin cmax] = caxis; axis square;

hi plot saved to: '

,0,'circle’,0),20,'w

colorbar; cmap = colo rmap('gray’);

cref = round((0 - cmin)/(cmax
if cref<1, cref=1; end
refcolor = cmap(cref,:);

- cmin)*length(cmap));
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% widen field of view to match JMR paper
axis(( -6,6, -6, 6]);axis ij;
set(gca, 'Color’, refcolor);
if drawcirc, hold on;
circle(0,0,100*d/2;’ - r','LineWidth',2); end
xlabel('x (cm)); ylabel('y (cm)");
title(['Pressure contours for | = ,

num2str(1*1000), "mA at t ="' num2str(tmag*1000)]);

if (runopt ~= 2)
saveas(H2,[sprintf(plotfile ) ' _PR.fig','fig")
saveas(H2,[sprintf(plotfile) '_PR.png’],'png’)
fprintf(fid, '%s \ n', [PR plot saved to: ' e
plotfile '_PR'));

end

% Plot pressure contour map

H3 = figure;

contourf(avg(x)*100,avg(y)*100, ...
exbound(P, Xavg, Yavg, d/2, 0, 0, ‘circle’,
0),20,'w -");

caxis([min(P(:)) max(P())));

[cmin cmax] = caxis; axis square;

colorbar; cmap = colormap(‘gray’);

cref = round((0 - cmin)/(cmax - cmin)*length(cmap));

if cref< 1, cref=1;en d

refcolor = cmap(cref,:);

% widen field of view to match JMR paper

axis(( -6,6, -6, 6]);axis ij;

set(gca, 'Color', refcolor);

if drawcirc, hold on;

circle(0,0,100*d/2, - r','LineWidth',2); end
xlabel('’x (cm)"); ylabel('y ( cm)");
title(['Pressure contours for | = e

num2str(1*1000), "mA at t ="' num2str(t*1000)]);

if (runopt ~= 2)
saveas(H3,[sprintf(plotfile) '_PF.fig'],'fig")
saveas(H3,[sprintf(plotfile) ' _PF.png'],'png’)
fprintf(fid ,'%s \n', [PF plot saved to: ' ) e
plotfile '_PF');
end

% draw streamslice of electric field lines in clipped
% circular phantom
EX = exbound(avg(EXx), Xavg,Yavg,d/2,0,0,circle’, 0);
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EY = exbound(avg(Ey")',Xavg,Yavg,d/2,0,0, circle',0);
EM = sqrt(EX."2 + EY."2);

H32 = figure;

contourf(avg(x)*100,avg(y)*100,EM,20,'w -
caxis([min(EM(:)), 50]); hold on;

[cmin cmax] = caxis; axis square;

colorbar; cmap = colormap(‘gray’);

cref = round((0 - cmin)/(cmax - cmin)*length(cmap));
if cref<1, cref=1; end

refcolor = cmap(cref,:);

HS = streamslice2(avg(x)*100,avg(y)*100,EX,EY,1.5);
set(HS,'Color','white");

if drawcirc, circle(0,0,100*d/2;’ - r','LineWidth',2);
end
% widen field of view to match JMR paper

axis(( -6,6, -6, 6]);axis ij;

set(gca, 'Color’, refcolor);

xlabel('x (cm)"); ylabel('y (cm)");

title(['Electric field lines for | =" ) e
num2str(1*1000), "mAatt=" ) oo
numz2str(tmag*1000) ' msec D;

VM = exbound(Vm, X, Y, d/2, 0, 0, ‘circle’, 0);

% Display Image of VM (speeds in phantom at end of

% final current pulse)

% plot VM values in full square phantom domain

H4 = figure;

contourf(x*100,y*100,VM,20,'w -

caxis ([min(VM(:)), max(VM(:))]); hold on;

[cmin cmax] = caxis; axis square;

colorbar; cmap = colormap('gray’);

cref = round((0 - cmin)/(cmax - cmin)*length(cmap));

if cref< 1, cref=1; end

refcolor = cmap(cref,:);

% Add velocity streamslic e

HS = streamslice2(X*100,Y*100,
exbound(VFx,X,Y,d/2,0,0,circle',0), ...
exbound(VFy,X,Y,d/2,0,0,'circle’,0),1.5);

set(HS,'Color','white");

if drawcirc, circle(0,0,100*d/2,' - r','LineWidth',2);
end
% widen field of view to match JMR paper

axis(( -6,6, -6, 6]);axis ij;
set(gca, 'Color, refcolor);
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xlabel('x (cm)"); ylabel('y (cm)";
title(['VM and velocity streamlines for | = e
numz2str(1*1000), "mA at t ="' num2str(tmag)
"msec'));
if (runopt ~= 2)
saveas(H4,[sprintf(plotfile) ' _VM.fig'],'fig’)
saveas(H4,[sprintf(plotfile) *_VM.png'],'png’)
fprintf(fid, '%s \ n', ['VM plot saved to: ' e
plotfile '_VM");
end

% plot VM values in ¢ lipped circular phantom domain
[VF, N] = exbound(Vf, X, Y, d/2, 0, 0, ‘circle’, 0);
fprintf(fid, '%s \ n', ['|v|] (min, mean, max): (' ) oo
num2str(min(VF(:))), S
numz2str(sum(VF(:))/N) ', ' e
num2str(max(VF(:))) ' ) m/s']);
% Display Image of VF (speeds in phantom)
H42 = figure;
contourf(x*100,y*100,VF,20,'w -
caxis([min(VF(:)), max(VF(:))]); hold on;
[cmin cmax] = caxis; axis square;
colorbar; cmap = colormap(‘gray’);
cref = round((0 - cmin)/(cmax - cmin)*length(cmap));
if cref< 1, cref=1; end
refcolor = cmap(cref,:);
% Add velocity streamslice
HS = streamslice2(X*100,Y*100,
exbound(Vx,X,Y,d/2,0,0,'circle',0), ...
exbound(Vy,X,Y,d/2,0,0,circle',0),1.5) ;
set(HS,'Color','white");
if drawcirc, circle(0,0,100*d/2,’ - r','LineWidth',2);
end
% widen field of view to match JMR paper
axis( -6,6, -6, 6]);axis ij;
set(gca, 'Color, refcolor);
xlabel('x (cm)"); ylabel('y (cm)?);
ti tle(['VF and velocity streamlines for | =" ) e
num2str(1*1000), "mAatt=" ) e
numz2str(t*1000) ' msec'));
if (runopt ~= 2)
saveas(H42,[sprintf(plotfile) '_VF.fig'],'fig")
saveas(H42,[sprintf(plotfile) ' VF.png'], '‘Png’)
fprintf(fid, '%s \ n', ['VF plot saved to: ' e
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plotfile *_VFY);
end
end

%% Display MRI image

fprintf(fid, ' \'nY);

fprintf(fid, '%s \n', [ --  MRI capture after ) e
num2str(round(j/nt/2)), " oscillations, tf =
num2str(t*1000) ' msec )

% form signal matrix based on voxel grid

S = zeros(nr,nc); % signal per voxel (with current)

N = zeros(nr,nc); % number of spin particles per voxel
% (with current)

NO = zeros(nr,nc); % numb er of ref spin particles per
% voxel (no current)

ND = zeros(nr,nc); % mean displacement per voxel (with
% current)

DD = zeros(nr,nc); % mean displacement per voxel (with
% current)

PH = zeros(nr,nc); % mean phase per voxel (with current)

% place water in voxels to compute signal loss

if PTT
% water molecules positions with current applied
xi = fix((xc+FOV(1)/2 - eps)/DX)+1;
yi = fix((yc+FOV(2)/2 - eps)/DY)+1;

% water molecu le positions without current applied
% (reference signal)
xi0 = fix((xw+FOV(1)/2 - eps)/DX)+1;
yio = fix((yw+FOV(2)/2 - eps)/DY)+1,
else
% water molecule positions without current applied
% (reference signal)

xi = fix((xw+FOV(1)/2 - eps)/DX)+1;
yi = fix((yw+FOV(2)/2 - eps)/DY)+1;
end
% store phi from - pi to +pi

p2 = ang2(ph(:));

% compute SR =(S - S0)/S = 1/N*sum(S) -1
fork = 1:nw
% sum mean phase per voxel
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PH(yi(K),xi(k)) = (PH(yi(K),xi(k))*N(yi(k),xi(k)) + ...
ph(k) ) (N(yi(k),xi(k)) + 1);

% add contribution to signal strength S for each

% particle

if PTT
S(yi(k),xi(k)) = S(yi(k),xi(k)) + exp(Li*ph(k));
% mean displacement per voxel

DD(yi(k),xi(k)) = (DD(yi(k),xi(k)) o
N(yi(k),xi(k)) + Dm(K))/(N(yi(k),xi(k)) + 1);
% ref number of particles | voxel with current off
NO(yiO(k),xiO(k)) = NO(yiO(k),xi0(k)) + 1;
else
. S(yi(k),xi(k)) = S(yi(k).xi(k)) + exp(1i*ph(k));
en

% add to number of particles in voxel

N(yi(k),xi(k)) = N(yi(k),xi(k)) + 1;
end

% Compute phase "flow" of signal vector per voxel
SP = atan2(imag(S),real(S));

if PTT
% Other parameters to be plotted
% Difference between number of particles per voxel with
% reference
ND = (N - NO)./(NO+eps);

% Compute magnitude of S relative to SO in the phantom
% with no current
S =(abs(S) - NO)./(NO+eps);
% note: S = dw*S and SO = dw*NO, but in difference
% image dw divides out
else
S =abs(S )./(N+eps) - 1
end

%% Display results

% Report and plot final values for v, d, and S
fprintf(fid, '%s \ n', [Final values computed att=", ...
num2str(t*1000), ' msec’);

% Compute and report velocity magnitude in circular phantom
[VF, N] = exboun d(Vvf, X, Y, d/2, 0, 0, ‘circle, 0);
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[VFX, N] = exbound(VFXx, X, Y, d/2, 0, 0, ‘circle’, 0);
[VFY, N] = exbound(VFy, X, Y, d/2, 0, 0, ‘circle’, 0);
[VX, N] = exbound(Vx, X, Y, d/2, 0, 0, ‘circle’, 0);
[VY, N] = exbound(Vy, X, Y, d/2, 0, O, ‘circle’, 0);
[VM, N] = exbound(Vm, X, Y, d/2, 0, O, ‘circle’, 0);

% Report magnitude of velocity at end of gradients
fprintf(fid, '%s \ n', [VF(Min,Mean,Max): (,
num2str(min(VF()))), ., ...
num2str(sum(VF(:))/N), ',', num2str(max(VF(:))),
Natt= ", nu  m2str(t*1000), ' msec');

% Report magnitude of velocity at end of last  current pulse
fprintf(fid, '%s \ n', [VM(Min,Mean,Max): (,

num2str(min(VM(:))), ', ...

numz2str(sum(VM(:))/N), *,', num2str(max(VM(:))),

Y att=", num2st r(tmag*1000), ' msec'));

% Report particle displacement from original location in
% circular phantom
Dx=xc - xw;Dy=yc - yw;
[DX, N] = exbound(Dx, xw, yw, d/2, 0, 0, ‘circle’, 0);
[DY, N] = exbound(Dy, xw, yw, d/2, 0, 0, ‘circle’, 0);
[DM, N] = exbou  nd(sqgrt(Dx."2 + Dy."2),
xw, yw, d/2, 0, 0, ‘circle’, 0);
fprintf(fid, '%s \n', ..
[[DM(Min,Mean,Max) (cm) starting in phantom: (, ...
numz2str(100*min(DMC(Y))), ',', ..
num2str(100*sum(DM(:))/N), ', ...
num2str(100*max(DM(:) ), )att=",
numz2str(t*1000), ' msec’);

% Report mean displacement per voxel in circular phantom
[DD, N] = exbound(DD, XX, YY, d/2, 0, 0, 'circle’, 0);
fprintf(fid, '%s \n, ..
[DD(Min,Mean,Max) (cm) in phantom: (}, ...
num2str(100*m in(DD())), ',
num2str(100*sum(DD(:))/N), ', ...
num2str(100*max(DD(3))), ) att =",
num2str(t*1000), ' msec'));

% Report relative signal change in the full square domain
fprintf(fid, '%s \ n', mean(Sphase): '
num2str(sum(SP(:))/ NV) 'rad?);
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fprintf(fid, '%s \n, ['%S(Mln Mean Max) (%) in FOV: (, .
num2str(100*min(S(:))), ', ',
num2str(100*mean(S(y))), ', ', ...
num2str(100*max(S(:))), )% D;

% Report relative signal change in the clipped circular
% phantom d omain
[SD, N] = exbound(S, XX, YY, d/2, 0, 0O, ‘circle’, 0);
fprintf(fid, '%s \n', ..
['SD(Min,Mean,Max) (%) in phantom: (}, ...
numz2str(100*min(SD(:))), ',
num2str(100*sum(SD(:))/N), '), ...
num2str(100*max(SD(:))), )'D;

if plotex tra

% visualize velocity

H3 = figure;

contourf(x*100,y*100,VM,20,'w -

caxis([min(VM(:)), max(VM(:))]); hold on;

[cmin cmax] = caxis; axis square;

colorbar; cmap = colormap(‘gray’);

cref = round((0 - cmin)/(cmax - cmin)*length(cmap ));

if cref<1, cref=1; end

refcolor = cmap(cref,:);

HS = streamslice2(X*100,Y*100,VFX,VFY,1.5);

set(HS,'Color','white");

if drawcirc, circle(0,0,100*d/2,’ - r','LineWidth',2);
end

% widen field of view to match JMR paper

axis( [-6,6, -6, 6]);axis ij;

set(gca, 'Color, refcolor);

xlabel('x (cm)"); ylabel('y (cm)?;

title(['lvm| and streamlines for | =" ) e

num2str(1*1000), ...
"mA at t ="' num2str(tmag*1000) ' msec'));

H32 = figure;

con tourf(x*100,y*100,VF,20,'w -);
caxis([min(VF(:)), max(VF(:))]); hold on;

[cmin cmax] = caxis; axis square;

colorbar; cmap = colormap(‘'gray’);

cref = round((0 - cmin)/(cmax - cmin)*length(cmap));
if cref<1, cref=1; end

refcolor = cma p(cref,:);
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HS = streamslice2(X*100,Y*100,VX,VY,1.5);
set(HS,'Color','white");
if drawcirc, circle(0,0,100*d/2,' - r','LineWidth’',2);
end
% widen field of view to match JMR paper
axis(( -6,6, -6, 6]);axis ij;
set(gca, 'Color’, ref color);
xlabel("x (cm)"); ylabel('y (cm)’);
title(['|vf| and streamlines for | =" e
num2str(1*1000), ...
"mA at t ="' num2str(t*1000) ' msec'));

% visualize displacement

H4 = figure;

imageFOV(DM, xw*100, yw*100, 12,12, 0,0, 0);

caxis([min(DM(:)), max(DM(:))]); hold on;

[cmin cmax] = caxis; axis square;

colorbar; cmap = colormap(‘gray’);

cref = round((0 - cmin)/(cmax - cmin)*length(cmap));

if cref< 1, cref=1; end

refcolor = cmap(cref,:);

HS = streamslice2(xw*100,yw*100,DX,DY,1.5);

set(HS,'Color','white");

if drawcirc, circle(0,0,100*d/2,’ - r','LineWidth',2);

end

% widen field of view to match JMR paper

axis( -6,6, -6, 6]);axis i

set(gca, 'Color, refcolor);

xlabel('x (cm)"); ylabel('y (cm)?);

title(['|d| and streamlines for | ="' e
num2str(1*1000), ...
"mA at t = ' num2str(t*1000) ' msec'));

end

% Visualize uncorreted relative signal change in full

% square phantom domain

H6 =fig ure;

imageFOV(SD*100, XX*100, YY*100, 12, 12, 0, 0, 0);
caxis([ - 40, 40]);

[cmin cmax] = caxis; axis square;

colorbar; cmap = colormap(‘'gray’);

cref = round((0 - cmin)/(cmax - cmin)*length(cmap));
if cref<1, cref=1; end

refcolor = cmap(cref,:);
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% widen fiel d of view to match JMR paper

if drawcirc, hold on; circle(0,0,100*d/2;’ -
r','LineWidth',2); end

axis( -6,6, -6, 6]);axis ij; set(gca, 'Color', refcolor);
xlabel(*x (cm)"); ylabel('y (cm)’);

title('SD: % signal magnitude change per voxel');

if plotextra
% display SD plot compare data
fprintf(fid, '%s \ n', ['SD plot compare data:");

LElcompare(SD, -0.40, XX, YY, d/2, 0, O, ‘circle");

% Display uncorrected LEI signal image in full square
% phantom domain

H5 = figure;

imageFOV(S*100, XX*100, YY*100, 12, 12, 0, 0, 0);

% narrow scale to 40% of maximum (higher contrast) to
% match JMR paper

caxis([ - 40, 40]);

[cmin cmax] = caxis; axis square;

colorbar; cmap = colormap(‘gray’);

cref = round((0 - cmin)/(cmax - cmin)*length(cmap));
if cref<1, cref=1; end

refcolor = cmap(cref,:);

% widen field of view to match JMR paper

if drawcirc, hold on;

circle(0,0,100*d/2;’ - r','LineWidth',2); end
axis(( -6,6, -6, 6]);axisij;
set(gca, 'Col or', refcolor);

xlabel('x (cm)"); ylabel('y (cm)");

title('SR: % signal magnitude change per voxel');

fprintf(fid, '%s \ n', ['SR plot compare data:");

LElcompare(S, -0.40, XX, YY, d/2, 0, O, ‘circle");
end

%% Plot time - dependent dynamics

if timedep
% Plot mean velocity in clipped circular phantom over
% time
figure;
plot([0:dt:tmax]*1000,vm);
axis([0, tmax*1000, 0, max(vm)*1.1]);
xlabel('t (ms)"); ylabel('mean |v| (m/s)’);
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title('mean velocity over time');
[val ind] = max(vm);
text(tt(ind)*1000,val,

['vmean = num25tr(va|) m/s D;

% Plot max velocity in clipped circular phantom over
% time

figure;

plot([0:dt:tmax]*1000,vv);

axis([0, tmax*1000, 0, max(vv)*1.1));

xlabel('t (ms)"); ylabel('max |v| (m/s)");

title('max velocity over time");

[val ind] = max(wv);

text(tt(ind)*1000,val,['vmax ="' num2str(val) ' m/s");

% Plot mean distance in clipped circular phantom over
% time

figure;

plot([0:dt:tmax]*1000,dm);

axis([0, tmax*1000, 0, max(dm)*1.1]);

xlabel('t (ms)’); ylabel('mean |d| (m)");

title('mean displacement over time');

[val ind] = max(dm);

text(tt(ind)*1000,val,['dmean ="' num2str(val) ' m']);

% Plot max  distance in clipped circular phantom over
% time

figure;

plot([0:dt:tmax]*1000,dd);

axis([0, tmax*1000, 0, max(dd)*1.1]);

xlabel('t (ms)"); ylabel('max |d| (m)");

title('max displacement over time');

[val ind] = max(dd);

te xt(tt(ind)*1000,val,['dmax = ' num2str(val) ' m');

% Plot mean phi in clipped circular phantom over time
figure;
plot([0:dt:tmax]*1000,pm);
axis([0, tmax*1000, min(pm)*1.1, max(pm)*1.1]);
xlabel('t (ms)'); ylabel('mean \ phi (rad)' );
title('mean phi over time');
[val ind] = max(pm);
text(tt(ind)*1000,val,
[pmean = numZStr(vaI) rad D;
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% Plot max phi in clipped circular phantom over time

figure;

plot([0:dt:tmax]*1000,pp);

axis([0, tmax*1 000, min(pp)*1.1, max(pp)*1.1]);

xlabel('t (ms)’); ylabel('max \ phi (rad)");

title('max phi over time");

[val ind] = max(pp);

text(tt(ind)*1000,val,[')pmax = ' num2str(val) ' rad");
end

%% Display images of signal and related parameters

i f plotextra
% Display MRI phase "flow" Image
figure;
imageFOV(SP, XX*100, YY*100, 12, 12, 0, 0, 0);
[cmin cmax] = caxis; axis square;
colorbar; cmap = colormap('gray’);
cref = round((0 - cmin)/(cmax - cmin)*length(cmap));
if cref < 1, cref=1;end
refcolor = cmap(cref,:);
% widen field of view to match JMR paper
axis( -6,6, -6, 6]);axis i
set(gca, 'Color, refcolor);
xlabel('x (cm)"); ylabel('y (cm)?);
title('<M/M_0> signal phase per voxel');
if drawc irc, hold on;

circle(0,0,100*d/2,' - r','LineWidth',2); end
% Display MRI Signal image in full square phantom
% domain
H5 = figure;

imageFOV(exbound(S*100,XX,YY,d/2,0,0,'circle’,0), ...
XX*100, YY*100, 12, 12, 0, 0, 0);

% narrow scale to 40% of maximum to match JMR paper

caxis([ - 40, 40)]);

[cmin cmax] = caxis; axis square;

colorbar; cmap = colormap('gray’);

cref = round((0 - cmin)/(cmax - cmin)*length(cmap));

if cref< 1, cref=1; end

refcolor = cmap (cref,:);

% widen field of view to match JMR paper

if drawcirc, hold on;
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circle(0,0,100*d/2;’ - r','LineWidth',2); end
axis( -6,6, -6, 6]);axis ij;
set(gca, 'Color’, refcolor);
xlabel('x (cm)"); ylabel('y (cm)");
title('SR: % signal magnitude change per voxel');
if (runopt ~= 2)
saveas(H5,[sprintf(plotfile) ) e
'_SRsquare.fig','fig")
saveas(H5,[sprintf(plotfile) e
' SRsquare.png’,'png’)

fprintf(fid, '%s \ n', ['signal plot saved to: ', ...

plotfile '_SRsquare’]);
end
end

% Display MRI Signal Image, in clipped circular phantom

% domain

SD = exbound(S, XX, YY, d/2, 0, 0, ‘circle’, 0)*100;

fprintf(fid, '%s \ n', [SD(Min,Mean,Max): (' e
num2str(min  (SD())) ', ...
num2str(mean(SD(:))) ',' num2str(max(SD(:))) )']);

H6 = figure;
imageFOV(SD, XX*100, YY*100, 12, 12, 0, 0, 0);
% narrow scale to 40% of maximum to match JMR paper
caxis([ - 40, 40));
[cmin cmax] = caxis; axis square;
colorbar; cmap = colormap(‘gray";
cref = round((0 - cmin)/(cmax - cmin)*length(cmap));
if cref< 1, cref=1; end
refcolor = cmap(cref,:);
% widen field of view to match JMR paper
if drawcirc, hold on;
circle(0,0,100*d/2;’ - r','LineWidth',2); end
axis( -6,6, -86,86]);ax is ij; set(gca, 'Color', refcolor);
xlabel('x (cm)"); ylabel('y (cm)’);
title('SR: % signal magnitude change per voxel’);
if (runopt ~= 2)
saveas(H6,[sprintf(plotfile) '_SR.fig','fig")
saveas(H6,[sprintf(plotfile) ' _SR.png'],'png’)
fprintf(fid ,'%s \ n', ['signal plot saved to: '
plotfile '_SR'));
end
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% Display Image of PH (mean phase shift per voxel)

if plotextra
PH = ang2(PH);
H7 = figure;
imageFOV(exbound(P H,XX,YY,d/2,0,0,'circle’, 0), ...
XX*100, YY*100, 12, 12, 0,0, 0);

caxis([min(PH(:)), max(PH())));

[cmin cmax] = caxis; axis square;

colorbar; cmap = colormap(‘gray’);

cref = round((0 - cmin)/(cmax - cmin)*length(cmap));
if cref< 1, cref=1; end

refcolor = cmap(cref,:);

% widen fie  Id of view to match JMR paper

axis(( -6,6, -6, 6]);axis ij;

set(gca, 'Color', refcolor);

if drawcirc, hold on;

circle(0,0,100*d/2,' - r','LineWidth',2); end
xlabel('x (cm)"); ylabel('y (cm)");
title('"PH: mean phase shift per vox el (rad));

if (runopt ~= 2)
saveas(H7,[sprintf(plotfile) ' _PH.fig'],"fig’)
saveas(H7,[sprintf(plotfile) '_PH.png'],'png’)
fprintf(fid, '%s \n', ..
['PH plot saved to: ' plotfile '_PH');
end
end

if PTT

if plotextra

% Report ND values in the clipped circular phantom

% domain

[NC, N] = exbound(ND, XX, YY, d/2, 0, 0, ‘circle’, 0);

IDD = find(NC > 0); NC(IDD) = 0;

fprintf(fid,'%s \ n',['ND2(Min,Mean,Max): (' -
num2str(100*min(NC( ), R
numz2str(100*sum(NC(:))/N) ',', ...
num2str(100*max(NC())) )']);

% Image of ND in the clipped circular phantom domain
H92 = figure;

imageFOV(NC*100, XX*100, YY*100, 12, 12, 0, 0, 0);
caxis([ - 40 40]);

[cmin cmax] = caxis; axis square;

colorbar; cmap = colormap(‘'gray’);
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cref = round((0 - cmin)/(cmax - cmin)*length(cmap));

if cref< 1, cref=1; end

refcolor = cmap(cref,:);

% widen field of view to match JMR paper

axis(( -6,6, -6,6]); axis ij;

set(gca, 'Color’, refcolor);

if drawcirc, hold on;
circle(0,0,100*d/2;’ - r','LineWidth',2); end

xlabel('x (cm)"); ylabel('y (cm)");

title('ND2: % difference in number of particles
per voxel);

if (runopt ~=2)
saveas(H92,[sprintf(plotfile) ' _ND2.fig'],'fig")
saveas(H92,[sprintf(plotfile) '_ND2.png'],'png’)
fprintf(fid, '%s \ n', [ND2 plot saved to: '
plotfile ' _ND27);

end

end

end

if plotextra
[DD, N] = exbound(D D,XX,YY,d/2,0,0,'circle’ 0);
% Display Image of DD in full square phantom domain
% (mean displacements per voxel)
H10 = figure;
imageFOV(DD, XX*100, YY*100, 12, 12, 0, 0, 0);
caxis([min(DD(:)), max(DD(:))]);

[cmin cmax] = caxis; axis square;
colorbar; cmap = colormap(‘gray");
cref = round((0 - cmin)/(cmax - cmin)*length(cmap));

if cref< 1, cref=1; end

refcolor = cmap(cref,:);

% widen field of view to match JMR paper

axis(( -6,6, -6, 6]);axis ij;

set(gca, 'Color, refcolor);

if drawcirc, hold on;
circle(0,0,100*d/2,' - r','LineWidth',2); end

xlabel('x (cm)"); ylabel('y (cm)?;

title('DD: mean distances traveled per voxel (m)’);

if (runopt ~= 2)
saveas(H10,[sprintf(plot file) '_DD.fig,'fig")
saveas(H10,[sprintf(plotfile) '_DD.png'],'png’)
fprintf(fid, '%s \ n', [DD plot saved to: '

plotfile '_DD');
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end
end

%% Save workspace

save([outputfile ".mat"); fprintf(fid, '%s \n', ...
[ workspace saved to: ' outputfile '.mat");

fprintf(fid, '%s \ n', [completed run time: ' ) e
s2hms(loadtime + toc)));

fprintf(fid, '%s \ n', ['estimated run time: ' e
s2hms(runtime)));

if  runopt == 0, fclose(fid); end % close displayfile

diary off; % close diary

disp(DONE);

end % End function MHD_Square
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MHD_SquareTimed.m

%% MHD_SquareTimed.m
% simplified iteration of MHD_Square for estimating
% simulation run time

j=1;1=0;t=0;
% EM force correction %%%%% %% %% %% %% %% %0 %% %% % Y% P%5/0%0 %% %
if FTT

% first order model

%v=ExXxB/B2=[vx=Ey*Bz; vy = - EX*BZz]
%%v=JxB

% J = sigma*(E + v x B)

% fx = +Bz*sig*(Ey(:,2:end -1) - Bz*vx);

%fy= - Bz*sig*(Ex(2:end -1,)) + Bz*vy);

% fx is a small negative number dominated by - Bz*vx
% fy is a large negative number dominated by Ex

Jx = sig*(Ex(2:(end - 1),:) + Cb*Bz*vy);

Jy = sig*(Ey(:,2:(end -1)) - Cb*Bz*vx);

% f=Jx B volume Lorentz force on conducting fluid
fx = Bz*Jy;

fy= -Bz*Jx;

end

% i nitial velocity at each time step

vXxo = [uW' vx UET;

vyo = [VS; vy; VNJ;

% compute velocity at the end of each time step
% Navier - Stokes SIMPLE Method

% treat nonlinear terms

gamma = min(1.2*dt*max(max(abs(vx(:))) /
dx,max(abs(vy(:)))/dy),1);

Ue = [2*uS -vxo(1,:); vxo; 2*uN - vxo(end,:)];
Ve = [2*vW' - vyo(;,1) vyo 2*VE' - vyo(:,end)];
Ua = avg(Ue);

Ud = diff(Ue,1,1)/2;

Va = avg(Vve');

vd = diff(Ve,1,2)/2;

Uvx = diff(Ua.*Va - gamma*abs(Ua).*Vvd,1,2)/dx;
UVy = diff(Ua.*Va - gamma*Ud.*abs(Va),1,1)/dy;

Ua=avg( Ue(2:end -1,));
Ud = diff(Ue(2:end -1,:),1,2)/2;
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Va = avg(Ve(:,2:end -1));
Vvd = diff(Ve(:,2:end -1),1,1)/2;

u2x = diff(Ua."2 - gamma*abs(Ua).*Ud,1,2)/dx;
V2y = diff(Va."2 - gamma*abs(Va).*Vvd,1,1)/dy;

% update velocity due to convective acceleration
if FTT
vx =vx -dt*(UVy(:;,2:end - 1)+U2x) + Cf*fx;
vy =vy -dt*(UVvx(2:end -1,))+V2y) + Cf*fy;
else
vx =vx -dt*(UVy(:;,2:end - 1)+U2x);
vy =vy -dt*(UVvx(2:end -1,))+V2y);
end

% update velocity due to implicit viscosity

% vectorize matrices, compute cholesk y solution to inverse
% problem

rhs = reshape(vx+Ubc,[],1);

u(peru) =Ru \ (Rut \ rhs(peru));

vX = reshape(u,ny,nx -1);

rhs = reshape(vy+Vbc,[],1);
v(perv) =Rv  \ (Rvt \ rhs(perv));

vy = reshape(v,ny - 1,nx);

% Pressure correction by solving linear system from Poi sson
% Equation

% - Laplacian(P)/pf = - (1/dt)*grad(v)

rhs = reshape(diff([uW' vx uk",1,2)/dx+diff([vS; vy;
vN],1,1)/dy,[],1)/Cp;

rhs(WP) =I;

p2(perp) = - Rp\ (Rpt \ rhs(perp));

P(NP) = p2; p(WP) = 0;

P = reshape(p,ny,nx);

vX = vx - Cp*diff(P,1,2)/dx;

vy =vy - Cp*diff(P,1,1)/dy;

if ~FTT
Jx = sig*(Ex(2:(end - 1),:) + Cb*Bz*vy);
Jy =sig*(Ey(:,2:(end -1)) - Cb*Bz*vx);
%f=JxB Lorentz force on a conducting fluid
fx = Bz*Jy;
fy= -Bz*Jx;
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end

% Update velocity due to EM force
VX = vX+Cf*fx;
vy = vy+CfHy;

if PTT

%%%0%%%0%%%%0%%%0%% %% %% % %% %% % %% %% %0 %% %6464

% Compute mean velocity and distance traveled
% vm = mean velocity per time step at each point
vxm = ([JuW' vx UE']+vx0)/2;

vym = ([vS; vy; VN]+vyo0)/2 ;

% Compute distance traveled for each water molecule
% based on location

% within voxel using linear approximation

% D = (vi + vf)/2*dt

X1 = fix((xc+d/2 - eps*10)/dx)+1;

Y1 = fix((yc+d/2 - eps*10)/dy)+1;

xrem = rem((xc+d/2),dx)/dx ;

yrem = rem((yc+d/2),dy)/dy;

ddx = dt*(xrem.*vxm(YI+ny*Xl) + ..
(2 - xrem).*vxm(YI+ny*(XI -1)));

ddy = dt*(yrem.*vym(YI+1+(ny+1)*(XI -1) o+ ..
(1 - yrem).*vym(YIl+(ny+1)*(XI -1)));

% Limit water to region inside square %%%%%%%%%
% Compute phase from xo, yo and update xc, yc
X0 = XC; YO = yC;
XC = xc + ddx; yc = yc + ddy;
K2 = find( (abs(xc) > (d/2 - ep9)) |
(abs(yc) > (d/2 - €ps)) );
if ~isempty(K2)
% bounce water off boundary (inelastic, defl
% distance = eps)
% determine intersection of trajectory and circle
deltax = ddx(K2);
deltay = ddy(K2);
X00 = X0(K2);

yoo = yo(K2);

Xi = xc(K2);

yi = yc(K2);

mi = deltay./deltax; % slope

bi = yoo - MIi.*X00; % intercept

IS = abs(deltax) <= eps;
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% if infinite slope

K4 = find(IS);

yi(K4) = sign(deltay(K4))*(d/2 - eps);
Xi(K4) = xo0(K4);

% wr ong intersection

KW = find(abs(xi(K4)) > (d/2 - eps));

xi(K4(KW)) = sign(deltax(K4(KW)))*(d/2 - eps);
Yi(K4(KW)) = [mi(K4(KW)).*xi(K4(KW))+bi(K4(KW))];

% if non - infinite slope

K3 = find(~1S);

xi(K3) = sign(delta X(K3))*(d/2 - eps);
yi(K3) = [mi(K3).*xi(K3)+bi(K3)];

% wrong intersection

KW =find(a bs(yi(K3)) > (d/2 - eps));
yi(K3(KW)) = sign(deltay(K3(KW)))*(d/2 - eps);
Xi(K3(KW)) = [(Yi(K3(KW)) - bi(K3(KW)))./mi(K3(KW))];

% determine incidence (a) and
% intersection (theta) angles
% resultant angle (rang) is in opposite direction
% of motion
% rang = pi + 2*theta - a
if bounce
rang = pi+(2*atan2(yi,xi) -
atan2(deltay,deltax));
else
rang = pi+atan2(yi,xi);
end
xc(K2) = xi+eps.*cos(rang);
yc(K2) = yi+eps.*sin(rang);

% update differential displacement
ddx(K2) = xc(K2) - X00;
ddy(K2) = yc( K2) - yoo;

end

K3 = find( (abs(xc) > (d/2 - eps)));
xc(K3) = sign(xc(K3))*d/2;

K4 = find( (abs(yc) > (d/2 - eps)));

yc(K4) = sign(yc(K4))*d/2;
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% Display warning when correcting out of bounds error
if ( ~isempty(K3) || ~isempty(K4) )
fprintf(fid, '%s \'n',

['warning out of bounds: past xlim =" ...
numz2str(length(K3)) ', past ylim =" e
num2str(length(K4)) , ratt=" e
num2str(t*1000) 'msec’);

end

end

%% Compute phas e accumulating over each time step
% ph = ph + g*dt*(Gx*xc+Gy*yc);

if PTT
ph = ph + g*dt*(Gx*(xc - ddx/2)+Gy*(yc - ddy/2));
% nwr X nwc
| dmag = sqrt((xc(:) - XW(:))."2 + (yc() - yw(:))."2);
else

% include boundary nodes
vxm = [uW' vx UET;
vym = [VS; vy; VN];
[phdx,phdy] = gradient(ph,dx,dy);
ph = ph + dt*(g*(Gx*xw+Gy*yw) + ...
phdx.*avg(vxm')'+phdy.*avg(vym));
end

% store average and max velocity, displacement, and phase
Vx = avg([uS; [uW' vx UE"]; uN]);

Vy = avg([vW' [vS ; vy; VN] VE'])';

vmag = sqgrt(Vx(:).*2 + Vy(:)."2); % ny+1 x nx+1

% Determine lobe parameters

LEx = diff(Ex,1,2)/dx;

LEy = diff(Ey,1,1)/dy;

go(2:(end -1),2:(end -1))=qgo(2:(end -1),2:(end -1)) -
dt*sig*(LEx(2:(end -1),:)) + LEy(:;,2:(end -1)));

% rhs contrib utions of go and removed dirichlet nodes from
% Phi and go

% Solve for initial potentials

rhs = - PhiB;

rhs([WN EN]) = [I;

% rhs = reshape(qo'/eo/er,[],1)+PhiB;

PhiM(perM) = RM \ (RMt\ rhs(perM));
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% place back in dirichlet potentials
Phi(NN) = PhiM; Phi(WN) = PhiW; Phi(EN) = PhiE;
Phi2 = reshape(Phi,ny+1,nx+1);

go = zeros(size(Phi2));
QMEAN = mean(abs(qo(:)));
PMEAN = mean(abs(Phi2(:)));

% Reset Electric Fields
Ex = -diff(Phi2,1,2)/dx; % (V/m) stimulus (91x90)
Ey = -diff(Phi2,1,1)/dy; % (V/m) stimulus (

% reset initial velocities and positions
vX = zeros(ny,nx -1); % (m/s) velocity (90x89)
vy = zeros(ny - 1,nx); % (m/s) velocity (89x90)
ph = zeros(size(xw));
if PTT

PHIla = ph;

PHI1b = ph;

PHIna = ph;

PHInb = ph;

% store gradie nt interval locations

XCWi = xw; YCWi = yw;

% set current locations

XC = XW; YC = yw;

Xi = Xw; yi = yw;

XI=xw; YI = yw;
end
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avg.m

function B = avg(A,k)

% function B = avg(A,k)

% computes average values for vertical midway points of
% meshgrid matrix A

ifk<=1
if nargin<2, k = 1; end

% if row vector, make column vector
if size(A,1)==1, A= A’; end

%ifk>1

if k<2, B = (A(2:end,:)+A(1:end -1,))/2;

else B = avg(A,k -1); end

% if A was originally a column vector, return a row ve ctor

if size(A,2)==1, B=B'"; end
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K1.m

function A = K1(n,h,bc)

% function A = K1(n,h,bc)

% bc = boundary conditions:

% Neumann=1, Dirichlet=2, Dirichlet mid=3;
% forms connectivity matrix

A = spdiags([ -1all10;ones(in -2,1) -12 -1j
0all -1], -1:1,n,n)/h"2;
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rsize.m

function B = rsize(A,nx,ny)

% function B = rsize(A,nx,ny)

% resizes a matrix to new dimensions nx,ny by clipping off
% the first and last row(s) / column(s)

% or by adding on

[i.]] = size(A);
bx = floor((nx - )/2);
by = floor( (ny -))/2);
rx =mod(nx -1i,2);
ry =mod(ny -j,2);
if (bx < 0)
B=A((1 -bx):(i+bx),);
else
B = [zeros(bx,j); A; zeros(bx,))];
end
if (by < 0)
B=B( (1  -by):(+by));
else
B = [zeros(i+2*bx,by) B zeros(i+2*bx,by)];
end
B = [B; zeros(rx,j+2*by)];B = [B zeros(i+2*bx+rx,ry)];
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ang2.m

function p2 = ang2(pl)
% function p2 = ang2(pl)
% Returns vector angle (in radians) between

p2 = rem(pl,2*pi);

% if p2 > +pi; p2 = p2 - 2*pi; end

% if p2 < - pi; p2 = p2 + 2*pi; end

pu = find(p2 > +pi); pd = fin d(p2 < - pi);
p2(pu) = p2(pu) - 2*pi;

p2(pd) = p2(pd) + 2*pi;
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circle.m

function circle(xo,yo,r,varargin)

% function circle(xo,yo,r,varargin)

% plot a circle based on input style parameters

% x and y are the coordinates of the center of the circle
% risth e radius of the circle

% 0.01 is the angle step, bigger values will draw the

% circle faster but will not be as smooth
if nargin < 3
disp(‘circle: not enough input arguments’);
return;
end

if nargin < 4, styles = "k'; else styles = varargin; end

ang = 0:0.01:2*pi;
Xp r*cos(ang);
yp r*sin(ang);

% plot the circle
plot(xo+xp,yo+yp,styles {1 )
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exbound.m

function [M, N] = exbound(M, X, Y, r, X0, y0, bound, value)
% function [M, N] = exbound(M, X, Y, r, X0, y0, bound,

% value)

% exclude image pix les outside of a boundary object
%

% edits image matrix M, with meshgrid coordinates X, Y
% by determining which image pixels are outside of a

% boundary object and assigns them a specified value

% (default = zero)

% Also returns N, the number of pixels within the bounds
%

% Optional Inputs:

% x0, y0 = center of boundary object (default = [0,0])

% bound = boundary object shape: 'square’ or 'circle’

% (‘circle’ = default)

% value = double precision number (default = 0)

%

% Required Inputs:

% X, Y =mesh grid coordinates for image matrix

% M = image pixel values

% r = boundary object radius (or half width)

if nargin < 4
warning(‘'exbound:insufficientinputs’, ...
‘exbound: insufficient input arguments, aborting’);
help(‘exbound’);
return
end

if sum(size(X) ~= size(M)) + sum(size(Y) ~= size(M)) > 0,
warning(‘'exbound:matrixSizeMismatch’, ...
‘ex bound: M, X, and Y, size mismatch, aborting’);
return;
end

if nargin < 6, x0 =0; y0 = 0; end
if nargin < 7, bound = ‘circle’; en d
if nargin < 8, value = 0; end

% exclude pixels of M that are outside of boundary object
if bound == 'square'
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| = find((abs(X - X0) > r)||abs((Y -y0) >r));
else

bound = ‘circle’;

| = find((X -x0)"2+ (Y  -y0)."2>112),

end
N =numel(M) - numel(l );
M(l) = value;
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imageFOV.m

function [M2,X,Y] = imageFOV(M,X,Y,xb,yb,x0,y0,value)
% function [M2, X, Y] = imageFOV(M,X,Y,xb,yb,x0,y0,value)
% clip or place image object within a square FOV

%

% edits image matrix M, with meshgrid coordinates X, Y
% by det ermining resolution of image and padding with
% pixels and assigns them a specified value (default = 0)
%

% Optional Inputs:

% x0, y0 = center of imaged object (default = [0,0])

% value = double precision number for padded pixels

% (default = 0)

%

% Required Inputs:

% M = image pixel values

% X, Y = meshgrid coordinates for image matrix

% [xb, yb] = FOV dimensions

if nargin < 4,
warning(‘'expandFOV:insufficient_inputs’, ...
‘expandFOV: insufficient input arguments, aborting');
help(expand FOV');
return;
end
if sum(size(X) ~= size(M)) + sum(size(Y) ~= size(M)) > 0,
warning(‘'expandFOV:matrixSizeMismatch’, ...
‘expandFOV: M, X, and Y, size mismatch, aborting’);

help('expandFOV");
return;
end
% assume same FOV bound for bo th dimensions
if nargin <5, yb = xb; end
if (xb <0), xb = - xb; end
if (yb <0),yb= - yb; end

% assume object centered at 0,0
if nargin <7, x0 =0; y0 =0; end
if nargin < 8, value = 0; end

%% determine image resolution and bounds
dx = X(1,2) - X(1,1);
if (dx <0), dx = - dx; X = fliplr(X); M = fliplr(M); end
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dy = Y(2,1) - Y(1.1);
if (dy <0), dy = - dy; Y = flipud(Y); M = flipud(M); end

Xmin = min(X(1,:)); Xmax = max(X(1,:)); XL = Xmax
Ymin = min(Y(:,1)); Ymax = max(Y(:,1)); YL = Ymax

i £ (MIin(X(})) ~= Xmin)||(max(X(:)) ~= Xmax)

warning(‘expandFOV:non - meshgrid, ...
‘expandFOV: X is not a meshgrid’);
help(‘expandFOV";
return;
end
if (Min(Y(?)) ~= Ymin)||(max(Y(:)) ~= Ymax)
warning(‘'expandFOV:non - meshgrid, ...
‘expandFOV: X is not a meshgrid’);
help('expandFOV");
return;
end

%% Setup FOV matrix

x=( -xb/2).dx:(xb/2);

y=( -yb/2):dy:(yb/2);

if (XL > xb)
warning(‘'expandFOV:object_xbounds', ...

[lexpandFOV: object x - dim greater than FOV', ..
", clipping will occur'));
end
if (YL >yb)
warning(‘expandFOV:object_ybounds', ...
[lexpandFOV: object y - dim greater than FOV/, ...
', clipping will occur');
end

% find nearest x,y points for object center within FOV

[D,Ix0] = min(abs(x - x0)); x0 = x(Ix0);
[D,ly0] = min(abs(y - Y0)); yO = y(ly0);

% determine object bounds within FOV

Ixclipl = round( (min(x) - (X0 - XL/2))/dx );
Ixclipu = round( ((xO+XL/2) - max(x))/dx );
lyclipl = round( (min(y) - (y0 - YL/2))/dy );
lyclipu = round( ((yO +YL/2) - max(y))/dy );

%% Place object within FOV
% clip object image to fit within FOV
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if( Ixclipl > 0)
warning(‘'expandFOV:xlowerbound', ...
['lexpandFOV: object outside FOV x - lower bound', ...
', clipping object);
X(:,L:Ixclipl) = [ 1; M(:,1:Ixclipl) = []; Ixclipl = O;
else Ixclipl = - Ixclipl; end
if( Ixclipu>0)
warning(‘expandFOV:xupperbound', ...
['expandFOV: object outside FOV x - upper bound, ...
", clipping object]);
X(:,(end - Ixclipu+1):end) = []; M(:,(end - Ixclipu+1):end)
=]; Ixclipu = 0;
else Ixclipu = - Ixclipu; end
if( lyclipl > 0)
warning(‘expandFOV:ylowerbound', ...
['lexpandFOV: object outside FOV y - lower bound', ...
', clipping object);
Y(1:lyclipl,:) = []; M(1:lyclipl,:) =]; lyclipl = 0;
else lyclipl = - lyclipl; end
if( lyclipu>0)
warning(‘'expandFOV:yupperbound,, ...
['expandFOV: object outside FOV y - upper bound, ...
', clipping object);

X((end - lyclipu+1):end,:) =];
M((end - lyclipu+1):end,:) = [ I;
lyclipu = 0;
else
lyclipu = - lyclipu;
end

[nr,nc] = size(M);
[X,Y] = meshgrid(x,y);
if (value == 0)
M2 = zeros(size(X))
Else
M2 = value*ones(size(X));
end
M2([(lyclipl+1):(lyclipl+nr)], ...
[(Ixclipl+1):(Ixclipl+nc)]) = M;

% Display clipped image
imagesc(x,y,M2);

172



LEIcompare.m

function LElcompare(S, thresh, X, Y, r, X0, y0, bound)

% function LElcompare(S, thresh , X, Y, r,x0,y0, bound)

% Compute LEI inter - image comparison statistics for image

% matrix SD

% Show S min, mean, max wit hin field of view

% Quantify area of signal loss based on an inter - image

% comparison with predefined threshold

% Quadrant - based sum of total signal and SRLT to indicate
% symmetry

% default thresh = 40;

if nargin < 1
error('LElcompare’, ...
'‘LEIcompare: not enough input args');

return;
else
exb =1,
[nr, nc] = size(S);
end
if nargin < 2, thresh = - 0.40; end
if nargin < 4
X = linspace( - nc/2,nc/2,nc);
y = linspace( - nr/2,nr/2,nr);
[X, Y] = meshgrid(x,y);
end
if nargin <5 , exb =0; N = numel(S); r = nc; end

if nargin <7, x0 =0;y0 =0; end
if nargin < 8, bound = ‘circle’; end

if exb, [S, N] = exbound(S, X, Y, r, X0, y0, bound, 0); en

disp("  ----mmmmmmmmmmemmeeeoeeeeooeeee );
disp(' - Inter -image compare statistics -
disp([' SD(min, mean, max): ', ...

num2str(100*min(S(:))) ', ', ...

numz2str(100*sum(S(:))/N), ...
", " num2str(100*max(S())), )'D;

%% Quadrant comparison
% Extract image parameters for quadrant comparison

% Compute relative S per quadran t
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Al = sum(S(find( (X(:) <= x0) & (Y(:) <=y0))));
A2 = sum(S(find( (X(:) >= x0) & (Y(:) <=y0))));
A3 = sum(S(find( (X(:) >=x0) & (Y(:) >=y0))));
A4 = sum(S(find( (X(:) <= x0) & (Y(:) >=x0) )));
ATOT = (Al + A2 + A3 + A4)/100;

disp(['Al: ', num2str( A1/ATOT) '%');
disp(['A2: ', num2str(A2/ATOT) '%");

disp(['A3: ', num2str(A3/ATOT) '%");

disp(['A4: ', num2str(A4/ATOT) '%');

% Compute SRLT: percentage of S area <= thresh

S = (S <= thresh);

disp(['area of SD <= thresh: ',...
num2str(100*sum(S(:) )IN) '%');

Al = sum(S(find( (X(:) <=x0) & (Y(:) <=y0) )));

A2 = sum(S(find( (X(:) >=x0) & (Y(:) <=y0))));

A3 = sum(S(find( (X(:) >=x0) & (Y(:) >=y0))));

A4 = sum(S(find( (X(:) <= x0) & (Y(:) >=x0) )));

ATOT = (Al + A2 + A3 + A4)/100;

disp([Al<t: ", num2str(A1/ATOT) '%");

disp([[A2<t: ', num2str(A2/ATOT) '%'));

disp([[A3<t: ', num2str(A3/ATOT) '%'));

disp(['Ad<t: ', num2str(A4/ATOT) '%");

disp(®  -m-mmmmmmm e

174



dispimg.m

%% dispimg.m

% Load raw signal data from MRI experime nt file 'img’
% Display MRI Signal Image, clip into circle

% Analyze reformatted image

if ~exist('img’);
load(‘img.mat’);
end
plotfile = ['ImgFigT;
rsize = size(img,2);
csize = size(img,1);
nsize = size(img,3);
FOV =0.12; % m
d=0.10; %m
drawc irc = 1;
saveimage = 0;

1=[00.10.205125 -01 -02 -05 -1 -2 -5];

fid = 1;
exb =1;

dx = FOV/csize;

dy = FOV/rsize;

Xl=( -FOV/2+dx/2):dx:(FOV/2 - dx/2);
yl=( - FOV/2+dy/2):.dy:(FOV/2 - dy/2);
[XX,YY] = meshgrid(xl,yl);

SO =img(:,:,1);

if exb
[SO, N] = exbound(SO, XX, YY, d/2, 0, 0, ‘circle’, 0);
mS = sum(SO(:))/N;

else
mS = mean(SO()));

end

for fignum = 1:nsize
plotfile = ['Fig3_" num2str(fignum)];
disp(['Loading image for ' plotfile ', ...
| =" num2str(l(fignum)) ' mA");
if exb, SD = exbound(img(:,:,fignum), ...
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end

XX, YY, d/2, 0, 0, ‘circle', 0);
else SD =img(;,:,fignum)’;
end
SD =(SD - SO)/mS;

H4 = figure; imagesc(xI*100,yl*100,SD*100);
% narrow scale to 40% of maximum to mat ch JMR paper
% caxis([min(S(:))*0.40, max(S(:))*0.40]);
caxis([ - 40, 40)]);
[cmin cmax] = caxis; axis square;
colorbar; cmap = colormap('gray’);
cref = round((0 - cmin)/(cmax - cmin)*length(cmap));
if cref< 1, cref=1; end
refcolor = cmap(cref,:);
% widen field of view to match JMR paper
axis(( -6,6, -6, 6]); set(gca, 'Color', refcolor);
xlabel('x (cm)); ylabel('y (cm)");
title('SR: % signal magnitude change per voxel’);
if drawcirc
hold on;
ci rcle(0,0,100*d/2, - r','LineWidth',2);
end
if saveimage
saveas(H4,[sprintf(plotfile) ' _SR.fig'],"fig’)
saveas(H4,[sprintf(plotfile) '_SR.png'],'png’)
fprintf(fid, '%s \n', ..
['signal plot saved to: ' plotfile ' SRY);
end
if exb
fprintf(fid, '%s \n' ...
[SD(Min,Mean,Max): (', ...
num2str(100*min(SD())), "', ...
num2str(100*sum(SD(:))/N), ',', ...
numz2str(100*max(SD(:))), )']);
else
fp rintf(fid, '%s \n' ...
[[SD(Min,Mean,Max): (', ...
num2str(100*min(SD())), ',', ...
numz2str(100*mean(SD(y))), ., ...
num2str(100*max(SD(:))), )'D;
end
LElcompare(SD, -0.40, XX, YY, d/2, 0, 0O, ‘ci rcle’);
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