
Modeling assumptions 

 Here, we present the boundary conditions and governing equations used in the 

simulations presented in the results section (Fig 2, 3 and 4).  Arteriolar wall displacements and 

brain tissue deformability cause the PVS to be a time-dependent domain. To properly account 

for the motion of the PVS we adopted an arbitrary Lagrangian-Eulerian approach136 (ALE). The 

motion of the PVS (often referred to as a mesh motion or ALE map) was modeled using a 

harmonic model137 to calculate the mesh displacement (𝒖𝑚).  The ALE implementation ensures 

that the fluid dynamics are not affected by the choice of the model for the deformation of the 

fluid-filled region. The equations are presented in their more familiar Eulerian form. For a full 

mathematical description of the equations in the arbitrary Lagrangian-Eulerian form, please see 

the appendix. The simulations were performed with the assumption of axisymmetric geometry 

(Fig 1).  

The fluid flow in the PVS was modeled as incompressible Darcy-Brinkman flow through 

a highly porous region (equations M1-M3). The fluid velocity (𝒗𝑓) and pressure (𝑝𝑓) are the 

primary unknowns. The density and dynamic viscosity of the fluid are given by 𝜌𝑓 and 𝜇𝑓 

respectively. The porosity and permeabilty of the PVS are given by 𝜁 and  𝑘𝑠 respectively.  All 

the parameters are described in table 1. The stress tensor for the fluid (𝝈𝑓) is given by equation 

M3.  
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For all the simulations, we use a no-slip boundary condition. This means that the fluid 

velocity at the arteriolar wall is given by the time derivative of the wall displacement. We assume 



that the arteriolar wall moves only in the radial direction. Therefore, the radial(r) and axial (z) 

components of fluid velocity at the arteriolar wall are given by equation M4. The waveform of the 

arteriolar wall deformation for pulsations and vasodilation are shown in Fig 2a and Fig 4a 

respectively.    
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  The brain tissue was modeled as an elastic solid. Unless otherwise stated, we modeled 

the brain as a compressible, De Saint-Venant-Kirchhoff material with a Poisson’s ratio (𝜈) of 

0.45. The tissue displacement (𝒖𝑠) and velocity (𝒗𝑠) are the primary unknowns. All the 

parameters are described in table 1. The stress tensor for the solid (𝝈𝑠),  given by equation M7, 

is a function of the Lagrange strain (𝜺𝑠)  and the Lamé parameters described in equations M8, 

M9 respectively. 
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The interaction between the flow in the PVS and the elastic deformation of the brain was 

implemented using a fluid-structure interaction model. The displacement of the PVS at the 

Brain-PVS interface is made equal to the displacement of the brain tissue. Similarly, the velocity 



of the fluid at the Brain-PVS interface is made equal to the velocity of the brain tissue. The 

forces from the fluid flow (pressure and fluid shear) in the PVS are applied as a boundary force 

on the brain tissue at the Brain-PVS interface. This coupling of displacements, velocity and 

forces is implemented simultaneously to create a fully coupled fluid-structure interaction 

model138 (equations M10-M12). 

𝒖𝑚  =  𝒖𝑠                                                                                   (𝑀10) 

𝒗𝑓  =  𝒗𝑠                                                                                   (𝑀11) 

𝝈𝑓 ∙  𝒏𝑓 =  𝝈𝑠 ∙  𝒏𝑠                                                                            (𝑀12) 

Here, 𝒖𝑚 is the mesh displacement (displacement of the fluid domain). The unit outward 

normals to the fluid and solid domains are represented as 𝒏𝑓 and 𝒏𝑠 respectively. 

For the simulation shown in figure 2, the brain tissue is assumed non-compliant (fixed). 

The equivalent versions of equations M10 and M1, 𝒖𝑚  =  𝟎  and 𝒗𝑓  =  𝟎, are used for this 

case. 

For simulations shown in figures 3 and 4, the pial opening of the PVS was connected to 

a flow resistance, which models fluid moving into and out of the subarachnoid space. The flow 

resistance was implemented as a Robin boundary condition, i.e., a flowrate-dependent 

pressure-like traction was applied at the pial opening of the PVS. Simulations where the 

subarachnoid space (SAS) was modeled as a fluid filled, porous region connected to the PVS 

(Fig S5, S8) confirmed that the Robin boundary condition139 is adequate to simulate the flow 

resistance of the SAS. The other axial end of the PVS is also modelled with a Robin boundary 

condition representing the flow resistance of the brain parenchyma.  

All our models had a Reynolds number less than 1 for flow in the PVS (equation M13). 

We also calculated the Péclet number(equation M14)  based on the diffusion coefficient(D) for 



Amyloid beta61,62. All parameters used for the calculation of Reynolds number (Re) and Péclet 

number (Pe) are listed in table1. The fluid flow rates qf0, qf50 in equation M15 is calculated at the 

top surface of the PVS (z = La) and 50µm below the brain surface respectively (z = La-50 µm). 
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Model implementation 

 All the partial differential equations that govern the physics of the problem were 

implemented using the Galerkin finite element method139. All the finite element simulations were 

performed using COMSOL Multiphysics146. We used the Weak Form PDE interface (pde stands 

for partial differential equation) in the Mathematics Module in COMSOL to implement the 

governing equations on an axisymmetric geometry. The strong form of the vector equations for 

each problem are given in the appendix. The equations are converted to a weak form in an 

axisymmetric (r,z) coordinate system using Wolfram Mathematica148. A backward difference 

formula (BDF) scheme was used for the time-dependent problems in COMSOL. 

 The particle trajectories in Fig 4b and supplementary videos are estimated by calculating 

the fluid velocities, as observed from the mesh coordinates (which themselves change with 

time) in COMSOL. We then export these velocity values along with the corresponding mesh 

displacement values. These values are taken into MATLAB147, where we implemented a script 

to calculate fluid particle trajectories using the forward-Euler time integration scheme139. 



 

Surgical procedures 

All procedures were performed in accordance with protocols approved by the 

Institutional Animal Care and Use Committee (IACUC) of Pennsylvania State University. Mice 

were anesthetized with isoflurane (5% induction, 2% maintenance) for all surgical procedures. 

The scalp was resected, and the connective tissue removed from the surface of the skull. A 

custom-machined titanium headbar (https://github.com/KL-Turner/Mouse-Head-Fixation) 

was affixed with cyanoacrylate glue (32402, Vibra-Tite) immediately posterior to the lambda 

cranial suture. Three self-tapping, 3/32” #000 screws (J.I. Morris) were implanted into the skull, 

one in each frontal bone, and one in the contralateral parietal bone. A ~4mm x ~5 mm polished 

and reinforced thinned-skull window was implanted over the right hemisphere somatosensory 

cortex as previously described40,41. After thinning, the skull was polished with 4F and 3F grit, 

and a #0 glass coverslip (Electrode Microscopy Sciences, #72198) was attached to the thinned 

portion of the skull with cyanoacrylate glue. Dental cement (Ortho-Jet) was used to seal the 

edges of the window and connect the headbar and headscrews. At the conclusion of the 

surgery the mice were returned to their home cage and allowed 2 days of recovery before being 

habituated to head fixation. Mice were habituated to head-fixation on a spherical treadmill (60 

mm diameter) for 2-3 days before imaging. The mice were head-fixed for 30 mins on the first 

session and the length of the session was increased to 90 mins on the final session. The mice 

were monitored for any signs of distress during the period of habituation. 

Two-photon imaging 

Prior to imaging, mice (n=7) were briefly anesthetized with isoflurane and retro-orbitally 

injected with 50µL of 2.5% w/v of Texas-red conjugated dextran (40 kDa; Sigma-Aldrich), then 

head-fixed upon a spherical treadmill. The treadmill was coated with a slip-resistant tape and 

connected to a rotary encoder (US Digital, E7PD-720-118) to monitor changes in velocity of the 

https://github.com/KL-Turner/Mouse-Head-Fixation


treadmill. The changes in velocity (acceleration) were used to identify periods of rest and 

motion. Images were collected under a Sutter moveable objective microscope with either a 16x 

0.8 NA objective or a 20x 1.0 NA objective (Nikon). A MaiTai HP laser tuned to 920 nm was 

used to excite the YFP and the Texas-Red. The power exiting the objective was between 30-70 

mW. Arteries were visually identified by their more rapid blood flow, rapid temporal dynamics of 

their response to locomotion, and vasomotion42,57,85. A two-channel photomultiplier setup was 

used to collect fluorescence from YFP and Texas-red. Images were collected at a nominal 

frame rate of 3-8 Hz. All the data was collected at a depth of 30-120 µm below the pial surface, 

and none of the arterioles imaged bifurcated before the depth at which the measurements were 

made.  

 

Data processing 

 A detailed flow chart of the procedure used for data processing is given Fig S13. All the 

data analysis was performed using MATLAB147 except for the visual verification of displacement, 

which was performed using ImageJ (NIH). The code used for these displacement 

measurements is available on GitHub (https://github.com/kraviteja89/Thy1-displacement). 

 We used the red channel for motion correction (registration using discrete Fourier 

transform140) to remove movement in order to generate movies where the center of the vessel 

was fixed. A 3D median filter (3,3 pixels in space and 5 frames in time) was used to remove 

shot noise. Due to crosstalk, the images on the red channel contained some YFP fluorescence 

(brain tissue) in addition to the Texas Red (vessel lumen) signal. To remove this crosstalk, we 

used linear model to remove the YFP signal from the red channel.  

  𝑟𝑖(𝑅𝑒𝑑 𝐼𝑚𝑎𝑔𝑒) = 𝑟𝑓(𝑅𝑒𝑑 𝑓𝑙𝑢𝑜𝑟𝑒𝑠𝑒𝑛𝑐𝑒) + 𝛼 ∙ 𝑔𝑓(𝐺𝑟𝑒𝑒𝑛 𝑓𝑙𝑢𝑜𝑟𝑒𝑠𝑒𝑛𝑐𝑒)  (M16) 

 𝑔𝑓  =  𝑔𝑖(𝐺𝑟𝑒𝑒𝑛 𝐼𝑚𝑎𝑔𝑒)    (M17) 

https://github.com/kraviteja89/Thy1-displacement


𝛼 =  min
𝑎 = (0,1.5)

𝑛𝑜𝑟𝑚(𝑟𝑖  −  𝑎 ∙ 𝑔𝑖)    (M18) 

Here, the image in the red channel, ri, was assumed to be a linear combination of the actual red 

fluorescence, rf, and a weighted version,, of the green fluorescence, gf (equation M16). The 

green image, gi, was assumed to be the actual representation of the green fluorescence 

(equation M17). A constant () was found, that minimized the total error under an inverse 

model, using MATLAB’s fminsearch function (equation M18). We then used equation D1 to 

calculate the red fluorescence rf. 

 We then estimated the changes in arteriolar diameter using the image sequence in the 

red channel. The section of the image containing the arteriole was cleaned-up using 

thresholding in Radon space141. A rectangular region containing the arteriole was manually 

selected. The region was transformed into Radon space for angles between 0o and 180o in 1o 

increments. At each angle, the Radon transform value was rescaled between 0 and 1 to obtain 

a normalized value. A threshold value of 0.2 was chosen and every value below this was set to 

zero. We then calculated the inverse Radon transform of the normalized values into the image 

space. The area of the vessel was calculated from the inverse-transformed image using the 

regionprops function in MATLAB. The velocity data (collected from the rotary encoder on the 

spherical treadmill) was used to create a binary vector of movement/rest during each frame95. 

The hemodynamic response function (HRF) between the binarized locomotion and the vessel 

diameter was calculated by fitting the parameters of a gamma distribution function142. Only data 

sets where the goodness of fit (R2) between the measured vessel data and the HRF-convolved 

function was > 0.6 were used. 

 The displacement of brain tissue was calculated using a piecewise rigid motion model. A 

reference frame was chosen by averaging 10-30 seconds of data when the mice were 

stationary (not moving). The images from the green channel were broken down into overlapping 



boxes of 64x64 pixels with 16-pixel overlap in the x or y direction. The boxes containing no 

appreciable fluorescence were not used in calculating displacements. This was done by looking 

at the peak fluorescence in each box and only using boxes that were in the top 20 percentile of 

peak fluorescence. For each box, the displacement was calculated using image registration140 

with the corresponding box in the reference frame. We used an iterative approach to calculate 

the displacements, meaning that each box was displaced by the negative value of the 

calculated displacement and the displacement between the reference and the corrected box 

was recalculated. This process was iterated five times for each box. The calculated 

displacement value was accepted only if the displacements converged, i.e., the displacement 

calculated in the last iteration was smaller than 1% of the total calculated displacement. This 

criterion was necessary because we observed several instances of movement of the brain 

tissue out of the plane of imaging. The DFT registration algorithm gives out a displacement 

value even when the reference and target images do not match. An example of the iterative 

method at work is shown in Fig S13b. Additionally, we use a threshold in the error (<70%) 

calculated by the DFT registration to accept or reject the calculated displacement. Above-

threshold points were scrubbed from the time series and a median filter was used to fill in the 

scrubbed data points. A wavelet-based filter was used to denoise the resulting time series. A 

wavelet-based filter (“biorthogonal 3.3” wavelet in Matlab) was used because it was found to be 

most efficient in extracting gamma-distribution function-like signal from noise. 

Only datasets of the calculated displacement time-series that met certain criteria were 

included. Firstly, the direction of calculated the displacement should be radially outward (±30o) 

from the centerline of the vessel. Secondly, the displacement time-series should be well 

correlated with the time-series of vessel diameter changes (Pearson correlation coefficient 

>0.8). This criterion was required because the brain can move in the vertical direction143 (upto 

5µm in some cases), which resulted in noisy results while processing our planar imaging data.  



We found that the Pearson correlation coefficient between the vessel response and tissue 

response in both fluid-structure interaction and non-compliant brain paradigms using pseudo 

data was always greater than 0.85 for signal-to-noise ratio between 2-50dB. One major 

drawback of this method is that we could have missed data sets where the brain tissue did not 

move at all. This problem can be rectified in future studies by using 3D scans143 instead of 

planar scans, and this would require data collection higher frequencies than our 3Hz scans. 

Finally, we verified that the calculated displacement was visible in a projection of the image 

stack in time along the line of the calculated displacement. This last step was carried out in 

ImageJ (NIH). It is important to note that the displacements expected in both the “non-compliant 

brain” model and the fluid-structure interaction model meet all three criteria.  

To validate our code, we tested our method on pseudo-data generated using MATLAB. 

We generated a random 2D array of lines oriented in different directions. We displaced the 

generated image uniformly radially outward with the temporal dynamics of the radial 

displacement given by a gamma distribution function. Varying levels of noise were added to the 

images to determine the robustness of the algorithm. We found that the displacements 

extracted by our method agree well with the input displacement, and were robust to high levels 

of noise (Fig S14). 

 We used the displacements calculated from all the datasets (n=21 vessels, 7 mice) to 

estimate an average peak-normalized displacement response to running (Fig 5n). For each of 

the datasets, we calculated the impulse response of the radial displacement of the arteriolar wall 

to locomotion events using the method of deconvolution144. These impulse response functions 

were aligned so that the peak occurred at the same time and normalized to the peak value (L-

infinity norm). We then calculated the impulse response functions for the radial displacement of 

brain tissue and applied the same time-lag as the corresponding arteriolar wall motion. We 

normalized the brain tissue displacements by their peak values. We plotted the average, 



normalized radial displacement of the arteriolar wall and the brain tissue to consider the 

possibility of a “non-compliant brain” model or a fluid-structure interaction model. 

 


