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Abstract 

Integrating Magnetic Resonance Histology (MRH) with Light Sheet Microscopy 

(LSM) bridges mesoscale and microscale analyses, enhancing our understanding of brain 

structure and function. MRH offers a structural and diffusion-based view, serving as a vital 

reference for in vivo brain morphology and enabling correction of LSM-derived 

morphologies to improve microscale data precision. However, merging LSM and MRH 

presents challenges, including LSM image distortion, contrast discrepancies, and data 

processing demands. The initial phase of this research focused on addressing these 

obstacles. 

Building on the corrected LSM morphology, my subsequent research aimed to 

develop a rapid method for simultaneous neuron quantification across various brain 

regions. Traditional approaches either demand significant manual input or entail 

substantial computational resources. To address this, I crafted a rapid and adaptable 

technique for neuron quantification. 

Despite extensive research, many aspects of Alzheimer's disease, even in animal 

models, remain elusive. Most studies have been limited to specific brain regions and either 

mesoscale or microscale perspectives. There's a pressing need for comprehensive 

investigations that span multiple brain regions and integrate both scales. To bridge this 

gap, I presented a synthesized analysis that combines mesoscale (tractography and 

diffusion metrics) insights with detailed cellular-level alterations (neurons, amyloid-beta 

plaques), aiming to provide a more holistic understanding of the disease's pathology.  
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1 Introduction  

“Zeugmatographic techniques should find many useful 

applications in studies of the internal structures, states, and 

compositions of microscopic objects.”  

---- PAUL LAUTERBUR (NOBEL LAUREATE 2003), IMAGE FORMATION BY INDUCED 

LOCAL INTERACTIONS: EXAMPLES EMPLOYING NUCLEAR MAGNETIC RESONANCE 1973 

1.1 Principles of MRI 

Magnetic Resonance Imaging (MRI) is a sophisticated imaging technique that 

exploits the physical properties of unpaired protons, particularly their angular momentum, 

to generate detailed images of the inside of the biological specimens.  

Angular momentum is a fundamental property of the nucleus. The spinning 

positively charged proton creates a magnetic moment which precesses at a specific 

frequency when placed in a magnetic field. The magnitude of spin is quantized. The 

hydrogen nucleus (with one unpaired proton) has a spin quantum number (I) of ½. The 

spinning charged particles will generate a magnetic moment: 

𝜇 = 𝛾 ∙  𝐼  

where 𝛾 is the gyromagnetic ratio (which is a constant for a given nucleus, such as the 

proton) and I is the spin angular momentum.  

Under normal circumstances, the hydrogen protons spin in the body with axes 

randomly aligned. When the external magnetic field is applied, the protons’ axes will line 

up or against the field. A slight excess of protons aligns with the field and forms a net 

magnetic vector M, which is the vector sum of all individual magnetic moments.  



 

 

2 

𝑀0 =
𝜌0𝛾2ℏ2

4𝑘𝑇
𝐵0 

Where ℏ  denotes the reduced Planck constant, k is the Boltzmann constant (k) and 

temperature (T), and 𝐵0 is the applied field.  

 

Note: In the chapter, for convenience, the MR-related nuclei will be referred as 

spins. 

 

Under equilibrium, the magnetization precesses about the longitudinal axis at the Larmor 

frequency  which is linearly related to the strength of the main field B0. i.e. 

𝜔 = 𝛾 ∙  𝐵0 

An oscillating B1 field at this resonant frequency applies a torque to the spins, causing 

them to nutate into the transverse plane. An RF pulse with  𝐵1 of appropriate strength and 

duration will rotate the net magnetization by 90°, moving it into the transverse plane. A 

pickup coil with its axis in that plane will detect the resulting signal via induction. 

The complete expression for the signal induced by transverse magnetization in MRI can 

be represented as: 

𝑠𝑖𝑔𝑛𝑎𝑙 ∝ ∑ 𝑀0(𝑗)𝜔(𝑗)𝑒−𝑖𝜔(𝑗)𝑡+𝑖𝜙(𝑗)
𝑗  . 

In this equation, 𝑀0(𝑗) represents the equilibrium magnetization, ω(j) denotes the Larmor 

frequency, and ϕ(j) symbolizes the phase. 

From this expression, since 𝑀0 ∝ 𝐵0 𝑎𝑛𝑑 𝜔 ∝ 𝐵0, we see 𝑠𝑖𝑔𝑛𝑎𝑙 ∝ 𝐵0
2. The primary 

source of noise is thermal noise in the specimen and the rf coil. In the most simplistic 

analysis, the noise is uniform (i.e. white noise) across the spectrum. But second order 

effects e.g. some of the relaxation effects (discussed below) are also field/frequency 
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dependent and the details of the acquisition strategy can impact the signal markedly. In 

practice,  

𝑆𝑁𝑅 ∝ 𝐵0
7/4

 

Thus, there are clear benefits to operation at higher magnetic fields, but operation at 

higher field imposes some additional technical challenges. Typical clinical systems 

operate at 1.5-3 T. Our work is performed at 7-9.4T.    

 

Spatial encoding is accomplished by manipulating the magnetic field with linear gradients 

which in turn change the local Larmor frequency of the protons in the specimen. To initially 

excite the spins, B1 should match the Larmor frequency, which can be simply represented 

as: 𝐵1 = 𝐵1(𝑡) sin (𝜔𝑡). In the absence of any external gradients, this rf pulse will excite 

the whole specimen.  When the magnetic field B is spatially encoded with a linear gradient 

along z, the Larmor frequency is also spatially encoded. For example, assuming the linear 

gradient coil: 

𝐵(𝑧) =  𝐵0  +  𝐺𝑧 ∙ 𝑧,  

is applied, the Larmor frequency now is encoded with z:  

𝜔(𝑧) = 𝛾 ∙ (𝐵0  +  𝐺𝑧 ∙ 𝑧) 

Assuming the central Larmor frequency is 𝜔0, bandwidth is Δ𝜔, to excite the spins 

within the slice Δ𝑧 corresponding to 𝜔0 and Δ𝜔, 𝐵1 can take the form: 

𝐵1 = 𝐾 ∙ sinc (
Δ𝜔𝑡

2
) sin(𝜔0𝑡). 

It can be regarded as the Fourier transform of 𝐾 ∙ 𝑟𝑒𝑐𝑡(
𝑧

Δ𝜔

2

) in the precession 

coordinates with the central Larmor frequency. K is a constant. The entire process of 

selective excitation of a slice is shown in Figure 1B.  
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Note: In this chapter, we simplify the description of precession using the rotating 

coordinate frame (Figure 1). This approach simplify precession 𝜙 = 0 ~ 2𝜋, 𝜃 = 0 ~ 𝜃𝐵 

(with 𝜃𝐵 determined by the amplitude of B1), to a more manageable form where 𝜙 = 0, 𝜃 =

0 ~ 𝜃𝐵  . Later, this modified coordinate frame also allows for an easier visualization of the 

spin dynamics, including the 90° flip of the spins, their subsequent dephasing (moving out 

of phase), followed by a 180° flip and rephasing (returning to phase alignment). 

 

Figure 1 A. Visualization of transverse magnetization under laboratory 
coordinates and rotating coordinate frames (Copyright: 
https://www.radiologycafe.com/frcr-physics-notes/mr-imaging/introduction-to-
mri/ ).       B.  Selective Slice Excitation: The application of a gradient field Gz along 
the z-axis causes the Larmor frequency to vary with position in the z -direction. By 
applying an RF pulse 𝐵1 with a specific central frequency and bandwidth, only the 
spins in a particular slice, which resonate at the same Larmor frequency determined 
by Gz, are selectively excited. This process ensures that only the spins within the 
desired slice are excited. 
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Beginning with the initial RF pulse (90°), the frequency encoding gradient Gz is 

employed to select a specific slice along the z-axis. This rf pulse causes the spins within 

the chosen slice to flip into the transverse plane. Subsequently, for 2D MRI, the in-plane 

resolution of the image is determined by the phase and frequency encoding gradients Gx 

or Gy, in conjunction with the analog-to-digital (A/D) sampling process. 

Resolution and Signal-to-Noise Ratio (SNR) are intimately related. On the 

transverse plane a gradient along x or y will encode position in Fourier space where the 

relationship between spatial frequency and gradient strength is given by: 

𝑘(𝑥) = 𝛾∫ 𝐺𝑥(𝑡′)𝑑𝑡′ 

Spatial encoding of the slice is accomplished by executing the selective excitation 

with a series of gradients of varying magnitude along x and y sampling the Fourier 

components of the slice. Each sequence samples a line in k space. The image is 

reconstructed by taking the inverse Fourier transform of the sampled k space data. The 

resolution is inversely proportional to the largest sampling frequency 𝑘𝑚𝑎𝑥, which is related 

to the strength of the gradient and the duration of the gradient application.   

𝑘𝑚𝑎𝑥(𝑥) = 𝛾∫ 𝐺𝑚𝑎𝑥(𝑡′)𝑑𝑡′ 

Thus, getting a higher spatial resolution requires stronger gradients.  

Signal strength is linearly related to the voxel volume: 𝑆𝑁𝑅 ∝ ∆𝑥3, so increasing 

the spatial resolution has a huge impact on the signal to noise. In summary, important 

components for MRI:  

1. Magnet (𝐵0): provide the static magnetic field. Higher magnetic field increased 

the signal but comes with considerable engineering challenges. 
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2. RF coil: emits RF pulses for excitation and receives the MR signal from the 

tissue. Sensitive RF coils are essential to detect the weak signal that comes 

from small voxels. 

3. Gradient coils apply spatial encoding for image formation. Strong gradients are 

required for higher spatial resolution. 

 

 

1.2 MRI contrast, T1, T2, diffusion 

1.2.1 Image contrasts of different modalities 

Contrast in medical imaging is defined as the difference in signal intensity in an 

image that makes it possible to distinguish two different structures or tissues. The physical 

sources of contrast vary widely across different imaging modalities: 

1) X-ray (planar radiograph): The contrast in X-ray imaging comes from the differential 

attenuation of X-rays by various tissues in the body. The relationship between the 

incident X-ray intensity (𝐼0) and the transmitted intensity I is given by  𝐼 =  𝐼0  𝑒−𝜇𝑥  , 

where x is the thickness of the tissue. Bones appear brighter (or whiter) on the x-ray 

image because they have a higher mass absorption coefficient 𝜇 due to their greater 

density and higher atomic number elements like calcium. Since bones have a higher 

𝜇, a greater proportion of X-rays is absorbed, leading to a lower transmitted intensity 

through bones. When the X-ray film or detector is exposed to these transmitted X-rays, 

areas with lower intensity (like bones which absorb more X-rays) appear brighter, while 

areas with higher transmitted intensity (like soft tissues) appear darker, which 

generates the image contrast. 
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2) CT (Computed Tomography): In CT imaging, the contrast is based on the density of 

tissues, similar to planar X-rays, but with enhanced detail and cross-sectional imaging 

capability. CT scans use X-rays and measure the transmitted radiation from different 

angles, creating detailed cross-sectional images of the body. Denser tissues, such as 

bone, absorb more X-rays and are represented by lighter areas in the CT images, 

while less dense tissues, e.g. fat appear darker. 

3) PET (Positron Emission Tomography): Contrast is derived from the distribution of a 

positron emitter in the body. One of the most used tracers is 18F-dexoyglucose (FDG), 

a radioactive sugar molecule. This positron labeled sugar is taken up preferentially by 

tissues with higher metabolic activity, such as tumors or areas of inflammation. The 

18F emits positrons which are detected by the scanner allowing one to reconstruct a 

map that highlights the areas of increased metabolic activity. PET generates molecular 

maps by contrasting areas with varying metabolic rates or wherever the injected 

radioligand attaches. 

4) Optical Microscopy: Contrast in optical microscopy is primarily achieved through the 

interaction of light with the sample, including absorption, reflection, scattering, and 

emission of light by the sample's components. The intrinsic optical properties of the 

sample often provide natural contrast; however, this contrast can be enhanced 

significantly using dyes and fluorescent markers. Dyes can absorb specific 

wavelengths of light, thereby coloring the specimen and increasing contrast by 

differential absorption. Fluorescent markers emit light of a different wavelength when 

excited by a specific wavelength, allowing for the visualization of specific structures or 

molecules within the sample. For example, NeuN, a fluorescent label, selectively binds 

to neuronal nuclei by targeting a neuron-specific nuclear protein. This specificity is 
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achieved through immunoreactivity with the monoclonal antibody anti-NeuN (Mullen, 

Buck et al. 1992) (Gusel'nikova and Korzhevskiy 2015). The contrast generated by 

these methods enables detailed visualization of cellular structures, organelles, and 

even specific proteins or other biomolecules when tagged with fluorescent markers. 

5) MRI: Contrast comes from the magnetic properties of tissues, particularly the density 

and relaxation properties of hydrogen nuclei (protons) in water and fat molecules within 

the body. As described in Section 1.1, when a patient is placed in a strong magnetic 

field, these protons align with the field. Radiofrequency pulses are then applied to 

disturb this alignment, and when the pulses are turned off, the protons realign with the 

magnetic field, emitting radio waves in the process. The emitted signals are detected 

and used to create images. The contrast in MRI is influenced by several factors: 

1. Proton Density: Tissues with high proton content (like lipid) have more hydrogen protons 

and therefore produce stronger signals. 

2. T1 and T2 relaxation time, which we will describe in detail in Section 1.2.2. 

3. Diffusion, which we will describe in detail in Section 1.2.3. 

4. Chemical shift: Its common use is the differentiation of water and fat due to the slight 

differences in resonance frequencies of hydrogen protons in different chemical 

environments. This mechanism provides contrast between various types of tissues based 

on their chemical composition. 

One of the most significant advantages of MRI vs CT is the fact that there are a number 

of different sources of contrast, which can be adjusted by varying imaging parameters, 

and we describe in more detail below. 
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1.2.2 T1- and T2-weighted contrast of MRI 

MRI is unique among these modalities in that its contrast can be significantly 

altered by choosing different pulse sequences that highlight different physical sources of 

tissue contrast. The most fundamental contrasts in MRI are T1, the spin lattice relaxation 

time- and T2, the spin spin relaxation time. In a standard spin echo image, the signal from 

a tissue is given by  

S=N(H) (1-e-TR/T1) e-TE/T2 

N(H) is the proton density, TR is the time to repetition of the successive RF pulses, 

TE is the time to echo between the RF pulse and spin echo. 𝑒−
𝑇𝑅

𝑇1   describes the recovery 

of longitudinal magnetization along the direction of the magnetic field after the RF pulse. 

𝑒−
𝑇𝐸

𝑇2  represents the decay of transverse magnetization due to dephasing of spinning 

protons in the plane perpendicular to the magnetic field.  

 

T1 Spin Lattice Relaxation: This is the recovery time of the longitudinal 

magnetization (Mz) as spins realign with the magnetic field (z-axis) after an excitation or 

upon initial placement in the magnetic field. Different tissues have different T1 relaxation 

times ranging from (~10-1200 ms). The Time to Repetition (TR) is the time between 

successive 90° RF pulses. A longer TR allows more time for Mz to recover to its full value. 

In T1-weighted imaging, a shorter TR is selected to maximize the Mz difference between 

tissues with different T1. Tissues with short T1 relaxation times, like fat and certain 

proteins, appear bright, while those with long T1 times, like water, appear dark. 
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 T2 spin spin decay: This refers to the decay time of the transverse magnetization 

(Mxy) in the plane perpendicular to the magnetic field. T2 is shorter than T1 for most 

tissues. The Time to Echo (TE) is the interval between the initial 90-degree rf pulse and 

the generation of the spin echo after a 180-degree refocusing pulse. A longer TE allows 

more time for the transverse magnetization (Mxy) to decay. T2-weighted images are 

created by choosing a TE that maximizes the difference in Mxy between tissues. Tissues 

with short T2 times, like fat and proteins, appear dark, while those with longer T2 times, 

like water, appear bright. 

 

In summary, MRI's ability to manipulate contrast by altering TR and TE times in 

T1- and T2-weighted imaging provides a versatile tool for distinguishing between different 

types of tissues and pathological conditions. 

   

1.2.3 Diffusion weighted contrast  

In this section, we will describe the relationship between spin phase shift, spatial 

displacement, and the b-value (which is a critical parameter that quantifies the strength 

and timing of the diffusion-sensitizing gradients, and we will introduce below) in diffusion 

measurements, using a specific sequence for illustration. 

One of the most widely employed diffusion-sensitizing sequences in MRI is the 

Pulsed Gradient Spin Echo (PGSE) sequence. This technique, initially introduced by 

Stejskal and Tanner (ST) (Stejskal and Tanner 1965) represents a modification of the 
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traditional spin echo sequence and is particularly effective in diffusion imaging. Figure 2 

shows a ST sequence.  

 

Figure 2 ST pulse sequence. (Copyright: https://imaging.mrc -
cbu.cam.ac.uk/imaging/AnalyzingDiffusion?action=AttachFile&do=get&target=Diff
usion_and_MRI.pdf)    

The sequence starts with a 90° RF pulse that flips the spins to transverse plane. 

In the first Gdiffusion pulse, the phase shift is 𝑑𝜙1 = 𝛾 ∫ 𝐺𝑧𝑑𝑡
𝛿

0
= 𝛾𝐺𝑧1𝛿, where G is gradient 

strength, z is the spin location during the pulse, 𝛿 is the pulse duration. Then it follows with 

a 180° pulse that flips the current phase into −𝑑𝜙1. In the second Gdiffusion pulse, the phase 

shift is 𝑑𝜙2 = 𝛾 ∫ 𝐺𝑧𝑑𝑡
Δ+𝛿

Δ
= 𝛾𝐺𝑧2𝛿. Therefore, when it’s spin echo, the net phase shift for 



 

 

12 

the spin is 𝑑𝜙 = 𝛾𝐺(𝑧2 − 𝑧1)𝛿 . If the spin doesn’t move, then the phase shift is 0. 

Otherwise, the phase shift is proportional to the displacement.  

The net magnetization, M is given by the sum of the moments: 

𝑀 = 𝑀0 ∑ 𝑒 
𝑖𝑑𝜙𝑗

𝑗

 

If we consider the probability of a spin at position z2+dz2 given its initial location is 

z1, which can be given by unrestricted isotropic diffusion equation, the amplitude 

attenuation is given by:  

𝑙𝑛
𝐴

𝐴0
  ∝   −𝛾2𝐺2𝛿2 (Δ −

1

3
𝛿) 𝐷 

where 𝛾 is the gyromagnetic ratio, G is the gradient strength, 𝛿 is the duration of the 

gradient pulse, and Δ is the time between the gradients. A represents the signal intensity 

after applying diffusion-weighting gradients in MR. A0 is the baseline signal intensity, 

measured without the diffusion-weighting gradients, reflecting the signal level when there 

is no diffusion-induced attenuation. 

In isotropic conditions, diffusion D can be described by a single scalar value 

representing the uniform diffusion in all directions. However, in anisotropic conditions, 

such as those found in white matter tracts of the brain where axonal fibers guide the 

diffusion of water molecules, the diffusion tensor D provides a comprehensive 

representation of diffusion that varies with direction i.e. (
𝐷11 ⋯ 𝐷13

⋮ ⋱ ⋮
𝐷31 ⋯ 𝐷33

) (Basser, Mattiello 

et al. 1994) (Le Bihan, Mangin et al. 2001). The eigenvectors and eigenvalues derived 
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from the diffusion tensor can be used to infer the orientation of fibrous structures within 

the brain. 

Letting −𝑏 ∙ 𝐷 = ln
𝐴

𝐴0
, we can get: 

𝑏 = 𝛾2𝐺2𝛿2(Δ −
1

3
𝛿) (unit: s/𝑚𝑚2), 

which is a critical parameter that quantifies the strength and timing of the diffusion-

sensitizing gradients. It determines the sensitivity of the MRI sequence to the diffusion of 

water molecules within tissues. Higher b values increase the sensitivity to diffusion, 

allowing for more detailed assessment of molecular motion, but also potentially reducing 

signal strength and increasing susceptibility to artifacts. This value is essential  in diffusion-

weighted imaging (DWI) for diagnosing conditions like stroke or tumor characterization. 

From b value’s expression, we can also get: 

𝐴

𝐴0
= exp(−𝒃 ∙ 𝑫) = exp (− ∑ ∑ 𝑏𝑖𝑗𝐷𝑖𝑗

𝑗=1,2,3𝑖=1,2,3

) 

𝐴

𝐴0
= exp (−𝑏11𝐷11 − 𝑏22𝐷22 − 𝑏33𝐷33 − 2𝑏12𝐷12 − 2𝑏13𝐷13 − 2𝑏23𝐷23) 

This means signal attenuation in DWI is influenced by both the magnitude and direction 

of the diffusion gradients (encoded in the b values) and the diffusion properties of the 

tissue (described by the diffusion tensor D). 

The b value along a particular direction is determined by the orientation of the 

gradient vector used during the acquisition. For example, the coefficients for gradient 

pulses along (x,y,z) (normalized to a given amplitude) as (1/√2, 0, 1/√2), indicating 

(𝑏11, 𝑏22, 𝑏33), would apply diffusion weighting along a diagonal in the XZ-plane. Given that 

the diffusion tensor D encapsulates six independent parameters (reflecting its symmetric 
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nature), we should use at least 6 b values, i.e., acquire DWI data with at least six non-

collinear diffusion gradient directions (Le Bihan, Mangin et al. 2001). From the set of 

diffusion weighted images, we typically use linear regression analysis of the log-

transformed signal attenuation across multiple gradient directions, to estimate D of each 

voxel. 

Tractography and connectomes  

Once the diffusion tensor D is computed, the principal direction of water diffusion 

within each voxel can be determined, reflecting the alignment with the orientation of the 

underlying white matter fibers. Utilizing this orientation data, tractography methodologies 

trace the continuity of white matter tracts through the brain structure. Tractography 

techniques are broadly categorized into deterministic and probabilistic approaches 

(Descoteaux, Deriche et al. 2009): 

 

1.Deterministic Tractography: This technique traces the principal diffusion 

direction from one voxel to the next, thereby generating streamlines that represent the 

paths of white matter tracts. It can be regarded as solving an ordinary differential equation 

(ODE): for a fiber trajectory r(s) at the location r, where s is the arc length along the 

trajectory, and 𝑢̂(𝑟) is normalized principal diffusion direction at location r, then, 

𝑟(𝑠 + Δ𝑠) ~ 𝑟(𝑠) + Δ𝑠 ∙ 𝑢̂(𝑟(𝑠)) 

It offers a straightforward and direct mapping of fiber trajectories but may face limitations 

in regions of fiber crossing or complexity. This problem can be reduced by setting 

threshold of fractional anisotropy (FA) or quantitative anisotropy (QA) to filter out the noisy 
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fibers (low FA or QA), and for the remaining fibers, for each voxel, fiber of the smallest 

turning angle is selected (Yeh, Verstynen et al. 2013). 

 

2. Probabilistic Tractography: By incorporating the uncertainty inherent in fiber 

orientation determination, this method generates a multitude of potential pathways for 

each voxel, thereby creating a probabilistic map of fiber trajectories.  

 

The construction of the connectome is an extension of tractography efforts, where 

the results are synthesized into a graph-based model of the brain's structural network. In 

this model, nodes represent distinct anatomically defined brain regions, while edges 

symbolize the connection strength between these regions. These connections are 

quantified using various metrics, such as the number of fibers linking nodes, the average 

fractional anisotropy (FA) along these fibers, or other relevant measures, thereby offering 

insights into the structural integrity and connectivity strength of the brain's white matter 

architecture (Figure 3). 
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Figure 3 Tractography and Connectomes of a Non-Transgenic (nTg, Normal 
Cognitive Function, >400 days) Mouse Model. This figure showcases tractography 
outcomes obtained through DSI Studio for the AD -BXD77 220114-22_1 mouse 
(Chapter 4), exemplifying a non-transgenic model with intact cognitive functions. In 
Panel A, various fiber directions are illustrated using an RGB color scheme in the 
tract density image. Green: left-right, Red: front-back, Blue: up-down. Panel B 
illustrates the connections across 360 regions  (i.e. 180 * 2 hemispheres),  
highlighting the extensive neural network within the brain.  The 180 regions can be 
seen in Appendix B.   

1.2.4 Diffusion scalar metrics 

Scalar metrics for diffusion-weighted images, including Diffusion Weighted 

Imaging (DWI), Apparent Diffusion Coefficient (ADC), and Diffusion tensor Imaging 

metrics (DTI), can be derived from the diffusion tensor. 

DWI acquisition 

TR (Repetition Time): It is selected to be long enough to allow for the full relaxation of 

spins. This ensures a consistent signal intensity across images, facilitating the accurate 

quantification of apparent diffusion coefficients (ADCs). 
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TE (Echo Time): TE is chosen to balance two competing needs. It should be short enough 

to minimize the effects of T2 relaxation, which can otherwise reduce the signal from areas 

of interest. However, it must be long enough to provide adequate diffusion weighting, 

capturing the diffusion process effectively. 

b-values: Range from 0-1000 s/mm² for in vivo brain imaging and up to 10,0000 s/mm2 for 

fixed tissues. The sequence includes at least one non-diffusion-weighted image (b=0), 

which serves as a reference, and several diffusion-weighted images at different b-values 

to adequately sample the diffusion signal. 

The DWI is the average of all the diffusion weighted images in a 4D sequence.  

ADC acquisition 

Requires DWI images at multiple b-values.  

ADC Maps are calculated using the Stejskal-Tanner equation where a linear regression 

from images at multiple b-values allows extraction of (ADC=D). That is to say, the linear 

regression of the natural logarithm of signal intensities against b-values is performed to 

determine the slope, which corresponds to the ADC value. 

The relationship is expressed as: 

𝐴

𝐴0
= 𝑒−𝑏𝐷 

Where A is the signal intensity with diffusion weighting, A0 is the signal intensity without 

diffusion weighting, b is the b-value, and D is the ADC. 

DTI scalar metrics 

DTI represents a widely utilized method for illustrating the directional movement of 

water molecules (Basser, Mattiello et al. 1994). It derives from diffusion-weighted imaging 

(DWI) data, applying gradients in at least six non-collinear directions. Several metrics are 
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derived from the diffusion tensor D to quantify the diffusion characteristics of water 

molecules in tissue. The diffusion tensor D is a 3x3 symmetric matrix that captures the 

magnitude and direction of diffusion. From this tensor, the following metrics can be 

calculated: 

1. Mean Diffusivity (MD): MD, also known as the apparent diffusion coefficient (ADC), 

represents the average diffusion rate of water molecules, irrespective of the direction. It is 

defined as the trace of the diffusion tensor divided by 3, or equivalently, the average of its 

eigenvalues: 

𝑀𝐷 =
𝑇𝑟(𝐷)

3
=

𝐷1  +  𝐷2  +  𝐷3

3
 

where 𝐷1, 𝐷2, 𝑎𝑛𝑑 𝐷3 are the eigenvalues of the diffusion tensor D.  

2. Fractional Anisotropy (FA): FA measures the degree of anisotropy (directional 

dependence) of the diffusion process. It ranges from 0 (completely isotropic diffusion) to 

1 (completely anisotropic diffusion). FA is defined as: 

𝐹𝐴 = √
3

2
  

√(𝐷1  −  𝑀𝐷)2 +  (𝐷2  −  𝑀𝐷)2 +  (𝐷3  −  𝑀𝐷)2

√𝐷1
2  +  𝐷2

2  +  𝐷3
2

 

where 𝐷1, 𝐷2, 𝑎𝑛𝑑 𝐷3 are the eigenvalues of the diffusion tensor D and MD is the mean 

diffusivity. 

3. Axial Diffusivity (AD): AD reflects the magnitude of diffusion along the principal diffusion 

direction, usually corresponding to the direction of fiber tracts in white matter. It is 

equivalent to the largest eigenvalue 𝐷1 of the diffusion tensor: 

𝐴𝐷 =  𝐷1 
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4. Radial Diffusivity (RD): RD is the average diffusion perpendicular to the principal 

diffusion direction, and it is often associated with myelin integrity in white matter. RD is 

calculated as the average of the second and third eigenvalues: 

𝑅𝐷 =  
𝐷2  +  𝐷3  

2
 

DTI can only reconstruct a single principal direction of diffusion per voxel, highlighting the 

need for high angular resolution for more detailed imaging. Techniques like High Angular 

Resolution Diffusion Imaging (HARDI) (Frank 2002) (Le Bihan, Poupon et al. 2006) 

(Berman, Lanza et al. 2013) offer an enhanced angular resolution, providing a more 

comprehensive view of water molecule movement. The b-value, angular resolution, and 

spatial resolution collectively influence the connectome quality derived from DTI. Studies 

found more than 50 angles is necessary for consistent results. Furthermore, there is a 

linear relationship between connectome parameters and b-values, suggesting that 

adjustments in b-values can significantly impact the accuracy and detail of the DTI-derived 

connectome (Crater, Maharjan et al. 2022).  

 

Scalar Metrics that will appear in Aim 1 and 3: 

Fractional Anisotropy (FA): Measures the anisotropy of diffusion. 𝐹𝐴 ∈ [0,1], high in areas 

with well-aligned fibers, e.g. white matter (WM) tracts.  

Mean Diffusivity (MD): Indicates average diffusion rate within tissue. 

Axial Diffusivity (AD): Reflects diffusivity along fiber tracts, used to assess axonal integrity. 

Radial Diffusivity (RD): Indicates diffusivity perpendicular to fibers, can signal 

demyelination. 
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Normalized quantitative (NQA/nqa): is derived from Generalized Q-sampling Imaging 

(GQI), which uses a different approach to model the diffusion process, focusing on 

reconstructing the diffusion probability density function from the diffusion weighted 

imaging data. NQA aims to provide a normalized measure of anisotropy that is less 

affected by variations in scanner properties or physiological conditions, potentially offering 

more consistent comparisons across subjects and studies. NQA is used in Chapter 4.  

1.3 MRI development in CIVM  

1.3.1 Magnetic resonance histology (MRH) 

For live animals, even under anesthesia, there is still the potential for movement. 

Additionally, the amount of anesthesia is capped to ensure the animal's survival, thereby 

limiting the acquisition time. This can constrain resolution due to a shorter acquisition time, 

which may result in a lower maximum k-space sampling frequency (𝑘𝑚𝑎𝑥) and diminish 

the SNR. Furthermore, respiratory motion can introduce undesired phase and amplitude 

variations in the signal. In 1993 scientists at the CIVM began looking at post mortem fixed 

tissues as phantoms of interest while increasing the spatial resolution (Johnson, 

Benveniste et al. 1993) (Smith, Johnson et al. 1994) (Huesgen, Burger et al. 1993). 

Histology is defined as the study of tissue structure. MRH is the application of microscopic 

MRI to the understand tissue structure and as will be demonstrated in this thesis, the 

spatial resolution in MRI has increased to the point, such studies have significant benefit 

over in vivo studies (Lerch, Gazdzinski et al. 2012). 

The utility of MRH 

An important aspect of MRH is its non-destructive nature, preserving tissue 

morphology. This in situ preservation makes MRH an ideal candidate for morphology 
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reference. This is supported by studies such as those by (Nieman, Flenniken et al. 2006) 

(Badea, Ali-Sharief et al. 2007, Ma, Smith et al. 2008), where in situ preserved mouse 

brains were found to closely resemble their in vivo counterparts. This is a clear advantage 

over the conventional microscopy-based histology. This fidelity is crucial for accurate 

morphological analysis and makes MRH a superior choice for such applications (Luciano, 

Sati et al. 2016). In contrast, traditional microscopy-based histology methods necessitate 

the removal of the brain from the skull, followed by processes including tissue fixation 

and/or slicing (Smart, Tisca et al. 2023), which can introduce artifacts or alter the tissue's 

original morphology. These steps, while necessary for traditional histology, can 

compromise the tissue's integrity and potentially affect the outcome of morphological 

assessments. Therefore, the ability of MRH to provide high-resolution images and detailed 

morphological insights without the need for invasive preparation steps marks a significant 

advancement over conventional methods, offering researchers a more accurate and less 

invasive means of studying brain anatomy. 

. 

1.3.2 Improvements on Hardware and Sequences 

Conventional MRI systems, typically used in clinical settings, often operate with a 

3 Tesla static magnetic field and gradients up to 20-70 mT/m. These parameters usually 

result in a resolution of approximately 1 mm per voxel. However, this level of resolution is 

not sufficient for preclinical research, especially in studies involving small subjects like 

mice, where the entire brain may only be about 10 mm in any given dimension. Since 

1986, our laboratory has been at the forefront of developing high-resolution microscopic 

MRI techniques. 
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In 1983, scientists at Duke and GE installed the world’s first high field (1.5T) clinical MRI 

at Duke. In 1986  scientists at CIVM modified that clinical prototype to achieve much higher 

resolution, by developing a smaller gradient insert increasing the peak gradient from 20 

mT/m to over 50 mT/m resulting in images with in plane resolution of 50 m.  (Johnson, 

Thompson et al. 1986).  Over the last 40 years, our lab has significantly advanced MRI 

technology by upgrading our static magnets to 9.4 Tesla strengths, and by enhancing our 

gradient systems to 3000 mT/m. These improvements starkly differentiate our gradients 

from standard preclinical gradients, which typically range from 400 to 600 mT/m. Our 

ability to use smaller, more efficient gradients, governed by the principle that gradient 

strength (G) is inversely proportional to the sixth power of the radius (𝐺 ∝
1

𝑟6), allows us to 

achieve resolutions up to 1000 times finer than those of conventional preclinical MRI 

systems. 

 

Another key to our advances has been the scaling of RF coil dimensions to match small 

specimen sizes, resulting in significantly improved SNR and enabling us to acquire much 

more detailed images. In the 1992 work of our lab (Banson, Cofer et al. 1992), the limited 

signal problem was overcome by building a specialized RF probe for MR microscopy of 

fixed specimens at 300 MHz (7T) and 400 MHz (9T). The design criteria for this probe 

included high sensitivity, good rf homogeneity, and minimization of B0 variations. We 

constructed coils using copper/Teflon/copper microwave substrate to avoid susceptibility 

issues from solder and discrete capacitors. The Helmholtz pair coils, operating at 300 

MHz, demonstrated a marked improvement in SNR (up to 60%) compared to a 

conventional solenoid. This was verified using phantoms of agar gels and saline-filled 
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tubes. The region of homogeneity, critical for uniform image quality, corresponded to the 

coil's inner diameter and was defined by a 10% variation in signal intensity. Graphical 

analysis of SNR against various parameters allowed for the optimization of coil structure. 

With this new coil design, MR microscopy on small, fixed specimens became feasible, 

achieving pixel sizes as small as 20 × 20 × 30 µm.  

Our current coil used in this work to image the mouse brain is constructed from 

silver to minimize resistance, enhancing its efficiency and Q factor (See Figure 4). The 

capacitor, which is electrically coupled with the brain, is crafted from a specialized 

substrate designed to reduce dielectric losses thereby improving the SNR. The coil has a 

Q of ~ 600 vs < 100 for most coils in the clinical domain.  
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Figure 4 High Q RF coil for MR Histology of the mouse brain .  

Finally, the CIVM has created innovative pulse sequences to facilitate three-dimensional 

encoding. Traditionally, MRI has been used to produce two-dimensional images, and the 

challenge was extending this to three dimensions. In 1991, CIVM introduced a pulse 

sequence capable of acquiring 3D images with large arrays (Suddarth and Johnson 1991). 

This sequence, as depicted in Figure 5, employs two phase-encoding gradients, Gy and 

Gz, and one frequency-encoding gradient, Gx.   
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This method enabled us to image fixed specimens at 7.0 Tesla, achieving voxel 

dimensions down to 70 x 70 x 70 µm, with voxel volumes nearly 3000 times smaller than 

those in routine clinical imaging.   

Figure 5 Pulse sequence diagram for 3D encoding. 

The sequence has been converted to a Stejskal Tanner variant by the addition of 

diffusion encoding gradients before and after the refocusing pulse. These can be added 

on any axis allowing us to encode arbitrary angles. A major drawback to this sequence is 

that it requires very long acquisitions. For Nx, Ny phase encodings, the total acquisition 

time Tacq is  

Tacq=Nx Ny TR 

In diffusion imaging which requires M 3D volumes to generate the tensors, the total 

acquisition time can be > 24 hrs. We have addressed this problem using compressed 

sensing (Wang, Anderson et al. 2018).   

1.3.3. Current state 

The current capabilities of our Magnetic Resonance Histology (MRH) are as follows: 

- Resolution: Achieves 15 x 15 x 15 μm and 25 x 25 x 25 μm with high angular resolution 

(which can reach ~384 diffusion encoding directions) at 9.4 Tesla (Johnson, Tian et al. 

2023). 

- Max Magnetic field strength (B_0 = 9.4) and Max gradient strengths ( 𝐺𝑥 =

 101857
𝐻𝑧

𝑚𝑚
, 𝐺𝑦 =  92456

𝐻𝑧

𝑚𝑚
 , 𝐺𝑧 =  112634

𝐻𝑧

𝑚𝑚
, 𝑓𝑜𝑟 𝐻1 𝑛𝑢𝑐𝑙𝑒𝑢𝑠 ) are configured to 

support the specified resolutions. 
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1.4 Advantages of MRI/MRH 

MRI boasts three significant advantages over traditional histological processing of 

brain tissues: 1. MRH is non-destructive; 2. MRH provides unique contrast dependent of 

proton content and environment; 3. MRH provides 3 dimensional images. 

 

1. MRH is non-destructive: MRH uses radiofrequency pulses ranging from 5-500 

MHz which penetrated tissue without physical sectioning.  This unique focus allows MRI 

to generate detailed images without altering or damaging tissue structures. A prime 

example of this is brain imaging, where MRI can create intricate images of the brain while 

it remains safely within the skull. This capability not only spares the physical integrity of 

the tissues but also provides invaluable morphological references for biological analysis. 

2. MRH provides unique contrast dependent of proton content and environment: 

As noted above, MRH generates contrast based on a number of properties of fat and 

water protons-T1, T2, diffusion (AD,MD,RD,FA etc.). Figure 6 below from shows a 

comparison of traditional histology with MR: compared to Nissl and AutoF, MRH 

delineates the structure with enhanced clarity and precision, as indicated by the white 

arrows in Figure 6 (Johnson, Tian et al. 2023). 

 

Figure 6 Showcase of MRH contrast (B –  F) compared with conventional Nissl -
staining (A). (F) is colored FA. (Johnson, Tian et al. 2023)  Key features include: (A) 
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Inverted contrast Nissl-stained reference image identifying regions and tracts like 
cortex (CTX), corpus callosum (cc), and hippocampus (HPF). (B) Multi-echo gradient 
echo (MGRE) image revealing dark blood vessels and myelinated tracts. (C) Mean 
diffusivity (MD) highlights cell -dense areas and ventricles. (D) Axial diffusivity (AD) 
further differentiates hippocampal layers. (E) FA image unveils neurite orientation 
details, with heavily myelinated areas appearing white. (F) Colored FA distinguishes 
fiber tract directions, with a complex of intersecting tracts marked by a yellow 
asterisk. Insets show 2× magnifications of the hippocampus, demonstrating M RH's 
capability to resolve layers. Abbreviations cover a range of layers and regions within 
the hippocampus, with a particular emphasis on the granule cell layer (sg) and the 
polymorphic layer (po). These include so (stratum oriens), sp (stratum pyramidale,  
also known as the pyramidal layer ), slm (stratum lacunosum-moleculare), mo 
(molecular layer), sg (stratum granulosum), and po (polymorphic layer).  

3. MRH provides 3 dimensional images due to its ability to acquire volumetric data 

across an entire specimen without physical sectioning. This method captures detailed 

spatial relationships and the architecture of tissues in all three dimensions, enabling 

comprehensive analysis and visualization of complex anatomical structures. The 

importance of 3D imaging lies in its ability to offer a holistic view of biological specimens, 

facilitating accurate disease diagnosis, research on structural organization, and the study 

of developmental biology, by providing detailed insights that are not possible with two-

dimensional (2D) representations alone (Figure 7). 
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Figure 7 3D Visualization of MRH: The image features a grayscale fractional  
anisotropy (FA) image, with overlaying RGB colors representing tract density from 
diffusion tensor imaging (DTI). This combination highlights the intricate neural  
pathways and structural details captured by MRH.  

1.5 Reasons to introduce Light sheet microscopy (LSM) 

LSM, distinct from MRH's focus on structural water distribution, derives its contrast 

from specific molecular staining, targeting any epitope of interest (e.g. nuclei or cellular 

membranes). This unique capability enables LSM to differentiate individual neurons, 

providing a microscopic perspective that complements the broader, macroscopic 

view offered by MRH. 

1.5.1 Basics of LSM  

LSM employs thin planar illumination to excite fluorescence within the tissues 

(Keller and Dodt 2012). The fluorescence signals are then captured as a 2D image by a 

CCD. As the plane of illumination moves through the sample, the 2D images stack to form 

a comprehensive 3D representation. The transverse (or lateral) resolution of LSM is 

determined by the Numerical Aperture (NA) of the optical pathway, which includes the 

apertures of optical components and the camera. If the magnification (M) of the path is 
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small, the transverse resolution might be further cut down by the camera pixel size. This 

resolution is governed by the equation:  

𝑇𝑟𝑎𝑛𝑠𝑣𝑒𝑟𝑠𝑒 𝑅𝑒𝑠𝑜𝑙𝑢𝑡𝑖𝑜𝑛 ∝  
𝜆𝑒𝑥

𝑁𝐴
 

For example, in a typical LSM setup employing a water-immersed objective with 

20x1.0 (NA = 1.0) and NeuN stain (𝜆𝑒𝑥 = 588 𝑛𝑚), the resolution can be approximated as 

0.61 ∗ 588
𝑛𝑚

𝑁𝐴=1
= 359 𝑛𝑚.  

In practical applications, especially when imaging the entire brain, the lower 

magnification and low NA optical objective is often used to project the entire volume onto 

the camera. This reduced magnification leads to a decrease in objective NA, which in turn 

results in a transverse resolution that is likely to be lower than the maximum potential 

resolution offered by good optical objectives. 

In contrast, LSM's axial resolution depends on both the thickness of the planar 

illumination and the axial resolution capabilities of the optical pathway. The thickness of 

the planar illumination is inversely related to its length; thus, axial resolution inversely 

correlates with the field of view. Typically, LSM's axial resolution is lower than its 

transverse resolution, yet it still achieves a scale on the order of micrometers, offering 

significant detail for microscopic analysis. 

𝐴𝑥𝑖𝑎𝑙 𝑅𝑒𝑠𝑜𝑙𝑢𝑡𝑖𝑜𝑛 ∝
𝜆𝑒𝑥

𝑛 − √𝑛2 − (𝑁𝐴)2
 

1.5.2 Tissue clearing and immuno-histochemical (IHC) methods 

Light Sheet Microscopy (LSM) enables rapid whole-brain imaging. However, a 

significant challenge is the variable refractive index of brain tissue, which often causes 

photon refraction and hinders their collection by the objective lens (Hama, Kurokawa et 
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al. 2011). To address this, LSM is paired with advanced tissue clearing techniques. Tissue 

clearing renders the brain tissue transparent by equalizing its refractive index, thus 

allowing photons to pass through with minimal refraction and reach the detection objective 

efficiently (Erturk, Becker et al. 2012, Tomer, Ye et al. 2014) (Renier, Wu et al. 2014). 

Immuno-histochemistry (IHC) uses fluorescent labeled antibodies to detect 

specific antigens in tissue sections. This technique can label various biological structures 

such as cell nuclei, β-amyloid plaques, and vasculature. One of the strengths of IHC is its 

capacity to simultaneously label multiple targets in a single specimen, thanks to the 

availability of diverse antibodies and staining protocols (Renier, Wu et al. 2014). 

The combination of LSM with tissue clearing and IHC techniques allows for 

detailed, cell-level examination of phenotypes within the whole intact brain, 

providing insights into complex neural structures and disease pathology in a way that was 

not possible before (Keller and Dodt 2012, Renier, Wu et al. 2014) (Renier, Adams et al. 

2016). 

1.5.3 LSM, confocal and 2 photon microscopy 

The design, particularly the acquisition path of LSM shares similarities with 

confocal microscopy and two-photon (2P) microscopy, but there are key differences .  

Confocal microscopy utilizes point-wise illumination with a focused laser beam and 

a pinhole in an optically conjugate plane in front of the detector. This pinhole allows light 

from the focal plane to be detected while blocking out-of-focus light, thereby increasing 

contrast and resolution. However, the point-wise nature of this illumination means that 

each point on the sample is imaged sequentially, which can result in slower imaging 

processes. 
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2P microscopy employs a different approach, using near-infrared, ultra-short pulse 

lasers. This technique relies on the simultaneous absorption of two photons of lower 

energy, typically in the infrared range. As this two-photon absorption occurs primarily at 

the focal point, it inherently provides three-dimensional resolution. Unlike confocal 

microscopy, two-photon microscopy allows deeper tissue penetration and reduced 

photobleaching outside the focal plane.  

The tightly focused laser beams employed in confocal and 2P microscopy facilitate 

deep tissue penetration while minimizing phototoxicity, allowing for the observation of in 

vivo tissues and cells over extended periods. 2P microscopy offers deeper penetration 

depth compared to confocal microscopy. Howover, both methods construct images pixel 

by pixel, which limits the speed of image acquisition, and tissue scattering restricts the 

field of view. 

The primary difference between LSM, confocal, and two-photon microscopy is 

rooted in their respective illumination and detection methodologies. LSM stands out due 

to its straightforward approach, minimal photodamage, reduced need for calibration, and 

high sensitivity. It offers rapid imaging with micrometer resolution and a significantly 

shortened acquisition time(Keller and Dodt 2012). This efficiency enables LSM to image 

an entire mouse brain in less than an hour (Dodt, Leischner et al. 2007), distinguishing it 

from other microscopy techniques in terms of speed and reduced tissue stress. 

Note: Confocal and 2P microscopes, owing to their advanced filtering capabilities 

(the pinhole in confocal and two-photon absorption in 2P), generally achieve higher 

resolutions compared to LSM. For instance, while LSM can image the entire brain with a 

resolution of around 1 µm, confocal and 2P microscopy can attain finer resolutions, such 

as 0.3 µm. However, in many neuroscience applications focused on neuron-level imaging, 
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this increased resolution may be unnecessary. In such cases, the priorities often shift 

towards rapid imaging and minimizing photodamage. Consequently, LSM is frequently 

preferred for its efficiency and lower impact on the sample, despite its relatively lower 

resolution. 

 

1.6 Streamlines of registration and analysis of high-res volumetric 
data 

In this dissertation, I present the following key accomplishments: 

 

1. See Chapter 2: I developed image registration techniques of high resolution and 

accuracy to correct the morphology of significantly distorted LSM images. This 

advancement facilitates the transformation of LSM into a more precise space, setting the 

stage for accurate region segmentation and quantification. This method enabled the 

creation of comprehensive and accurate histologic models, improving on my peers 

in this field (Renier, Adams et al. 2016) (Schwarz, Scherbarth et al. 2015, Perens, Salinas 

et al. 2021) (Renier, Adams et al. 2016) (Zhang, Yan et al. 2017) (Negwer, Bosch et al. 

2022).  

 

2. See Chapter 3: I created an automated, cell-level quantification pipeline within 

the LSM-MRH imaging framework. By digitizing the optical fractionator sampling strategy 

and implementing lightweight segmentation methods, I significantly reduced 

computational time, transforming what was once a day's worth of laborious and 

heavy computation (Williams and Rakic 1988) (Schwarz, Scherbarth et al. 2015) 

(Renier, Adams et al. 2016) (Zhang, Yan et al. 2017) (Negwer, Bosch et al. 2022) into 
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a process of just a few minutes. This approach not only provided quantitative 

assessments of neuronal populations but also enabled the simultaneous processing of 

many regions.  

 

3. I conducted meso- and micro-scale analysis of the 5xFAD model, a mouse 

model for Alzheimer's disease. This involved studying changes in connectivity, scalar DTI 

metrics, regional increases in amyloid beta levels, and loss of neuronal density, with a 

particular emphasis on their correlation with Alzheimer's disease and sex-based 

differences. Further, I explored the interrelations among these factors, aiming to shed light 

on potential neurodegenerative pathways and outcomes. See Chapter 4.  
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2. Cross-modality image registration between high 
resolution LSM and MRH 

The content of this chapter is detailed further in the associated paper available at 

https://doi.org/10.3389/fnins.2022.1011895, with additional supplementary materials 

accessible at 

https://www.frontiersin.org/articles/10.3389/fnins.2022.1011895/full#supplementary-

material.  

Summary 

The combination of cellular-resolution whole brain light sheet microscopy (LSM) 

images with an annotated atlas enables regional quantitation of cellular features in specific 

brain regions. However, most existing methods register LSM data with existing canonical 

atlases, e.g. The Allen Brain Atlas (ABA), which have been generated from tissue that has 

been distorted by removal from the skull, fixation, and physical handling. This limits the 

accuracy of the regional morphologic measurement. Here, we present a method to 

combine LSM data with magnetic resonance histology (MRH) of the same specimen to 

restore the morphology of the LSM images to the in-skull geometry. Our pipeline which 

maps 3D LSM big data (terabyte per dataset) to MRH of the same mouse brain provides 

registration with low displacement error in ~10 hours with limited manual input. The 

registration pipeline is optimized using multiple stages of transformation at multiple 

resolution scales. A three-step procedure including pointset initialization, automated ANTs 

registration with multiple optimized transformation stages, and finalized application of the 

transforms on high-resolution LSM data has been integrated into a simple, structured, and 

robust workflow. Excellent agreement has been seen between registered LSM data and 
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reference MRH data both locally and globally (Figure 8). This workflow has been applied 

to a collection of datasets with varied combinations of MRH contrasts from diffusion tensor 

images and LSM with varied immunohistochemistry, providing a routine method for 

streamlined registration of LSM images to MRH. Lastly, the method maps a reduced set 

of the common coordinate framework (CCFv3) labels from the Allen Brain Atlas onto the 

geometrically corrected full resolution LSM data. The pipeline maintains the individual 

brain morphology and allows more accurate regional annotations and measurements of 

volumes and cell density. Graphical abstract is shown in Figure 9.  
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Figure 8 Overview of the input and result: Panel (A) displays the raw images, 
where LSM is highlighted in red and Diffusion -Weighted Imaging (DWI) is depicted 
in gray. Panel (B) illustrates the registered images. Panel (C) provides a detailed 
zoom-in view of the high-resolution registration within the anterior commissure  
(left) and hippocampus (right), demonstrating a close match between the features 
highlighted by the registered LSM images in red and MRH in gray . Note that the red 
particles in C are neuron clusters , not noise.  Scale bars: 2000 µm in panels A and 
B; 700 µm in the left section of panel C; 400 µm in the right section of panel C.  
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Raw LS
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A
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Figure 9 Graphical abstract summarizing the presented method, which adapts 
the in-skull morphology from MRH images to correct brain region segmentation in 
LSM images. This approach addresses distortions in LSM, ensuring accurate 
segmentation. The chessboard illust ration highlights the precision of our 
registration method, even with varying contrast levels. The final image, featuring a 
labelmap overlay, demonstrates the method's objective. The color scheme used 
includes green for LSM-NeuN, gray for MRH-dwi,  and various colored contour lines 
representing different brain regions as per the color -coded labelmap.  

2.1 Introduction 

Combining mesoscopic structural information of the brain and histology at the 

cytoarchitectural scale has been a focus in recent years to reveal the bridge between 

tissue morphological alternations and disease (Casanova, El-Baz et al. 2009) (Vemuri and 

Jack 2010) (Zhang, Badaut et al. 2012), brain insult (Tuor, Morgunov et al. 2014) 

(Weishaupt, Zhang et al. 2016) (Fornito, Zalesky et al. 2015) and aging (Schmitz, Wang 

et al. 2018) (Eylers, Maudsley et al. 2016). There is clear evidence that morphological 

disruptions underlie brain dysfunctions at both the meso- and microscopic scale; for 

example the corpus callosum volume reduction in autism (Egaas, Courchesne et al. 1995) 

(Hardan, Minshew et al. 2000) (Tepest, Jacobi et al. 2010) (Loomba, Beckerson et al. 

2021) and neuronal death following ischemic insult (Weishaupt, Zhang et al. 2016). 

Merging structural changes in specific brain regions at the mesoscale with corresponding 
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quantitative cellular measurements at the microscopic scale will open an entirely new 

window into understanding the brain. 

Diffusion tensor imaging (DTI) provides particularly unique insight into brain 

morphology and connectivity (Fornito, Zalesky et al. 2015). However, extension of DTI to 

more basic studies in the mouse is challenging because the mouse brain @ 435 mg is 

about 3000 times smaller than the human brain. Through a series of innovations, the Duke 

Center for in vivo Microscopy (CIVM) has extended the spatial resolution of magnetic 

resonance imaging (MRI)/DTI by more than 500,000 times that of routine clinical scans in 

perfusion fixed post mortem specimens (e.g. MRH) (Johnson, Benveniste et al. 1993) 

(Johnson, Ali-Sharief et al. 2007). Recent work has pushed the resolution of DTI to 

15x15x15 μm3 and accelerated the acquisition with compressed sensing, which enables 

routine acquisition of high-resolution multidimensional whole mouse brain images (Wang, 

Anderson et al. 2018, Johnson, Wang et al. 2019) (Johnson, Tian et al. 2022). These high-

fidelity mesoscale MRH data now enable correlation between the MRH metrics and the 

tissue cytoarchitecture. 

The development of tissue clearing and LSM have allowed neuroscientists to 

routinely image whole cleared mouse brains at cellular resolution (Erturk, Becker et al. 

2012). Continued innovation in clearing (SHIELD) (Park, Sohn et al. 2019) and 

immunohistochemistry (SWITCH) (Murray, Cho et al. 2015) have enabled staining of 

varied cell types (neuron, oligodendrocyte, microglia), structural proteins (myelin) and 

pathologies (a-beta and tau proteins).  

Merging MRH and LSM data from the same specimen captures the best of both. 

MRH with DTI is a non-destructive and multi-contrast imaging method which preserves 

accurate brain morphology since the scanning can be done with the brain in the skull.  DTI 
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with high angular sampling provides maps of whole brain connectivity (Johnson, Wang et 

al. 2019). Multiple scalar images provide exquisite tissue contrast differentiating brain 

subunits. Post processing pipelines can exploit these multi-contrast images to 

automatically label more than 300 different sub-regions (Johnson, Tian et al. 2022). LSM 

provides cellular resolution but requires the removal of the brain from the skull and tissue 

clearing, which induces tissue swelling. Dissection of the brain from the skull frequently 

results in tissue loss or tearing (Figure 10). Labeling is not always as uniform as one might 

hope.  Mapping LSM to MRH restores the tissue geometry and allows automated labeling 

of the sub-regions in the LSM data.  
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Figure 10 Distortion and tissue tearing in light sheet microscopy (LSM) 
compared to magnetic resonance histology (MRH). A comparison between LSM 
images of a mouse brain stained with NeuN (A,  C, E, F) and a diffusion weighted 
MRH image of the same specimen (B, D, G,  H) highlights some of the challenges and 
opportunities. Red arrows indicate the tissue tearing. Purple arrows indicate the 
swelling (specimen 200316). Scale bar:1 mm.  

Finally, the most common method for labeling cleared brain images (Tappan, 

Eastwood et al. 2019) (Perens, Salinas et al. 2021) (Kutten, Vogelstein et al. 2016) 

(Goubran, Leuze et al. 2019) involves registration to the Allen Brain Atlas which has been 
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constructed from 2D serial sections acquired at 100 𝜇m intervals averaged from ~1600 

young adult C57BL/6J mice (Wang, Ding et al. 2020). Mapping the cleared brain images 

from another strain at a different age to the ABA may obscure regional volume changes 

that might be important image phenotypes for the study.  

Our long-range goal is development of the infrastructure to support routine, 

comprehensive morphologic phenotyping of the mouse brain using combined MRH and 

LSM to map the genetic impact on cells and circuits. Those familiar to registration methods 

will appreciate that registration of images into a common space requires recognition of the 

challenges that are unique to the task and adapting the code to those challenges. Those 

challenges are: 1) The sources of contrast in MRH and LSM are wildly different. 2) Each 

modality has many different contrasts, e.g. 11 different scalar images in MRH and even 

greater number of contrasts in immuno histochemistry for LSM. 3) The geometric distortion 

in the LSM data can exceed 40% and there is frequent tissue loss. 4) The data volumes 

are large approaching a terabyte for a single specimen. In this chapter we have addressed 

these challenges, developed a process for optimizing the software, and highlighted some 

of the limitations in combining MRH/LSM of the same brain routine. 

2.2 Methods 

2.2.1 MRH, LSM and specimens 

All animal procedures were carried out in accordance with guidelines approved by 

the Duke Institutional Animal Care and Use Committee. Specimens were perfusion-fixed 

using an active staining method as previously described (Johnson, Wang et al. 2019). 

Briefly, warm saline was perfused through a catheter in the left ventricle to exsanguinate, 

followed by ~ 5 minutes of perfusion (50 ml) of a mixture of 10% buffered formalin and 
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10% Prohance (Gadoteridol) to reduce the spin lattice relaxation time (T1) of the tissue 

for accelerated scanning. MRH scanning was performed on a 9.4 T vertical bore magnet 

with a Resonance Research, Inc., gradient coil yielding peak gradients up to 2500 mT/m, 

controlled by an Agilent console running VnmrJ 4.0. The MRH scanning was performed 

using a Stesjkal Tanner spin echo sequence with b values of 3000 s/mm2 and 108 angular 

samples spaced uniformly on the unit sphere. Compressed sensing (Lustig 2007)was 

used with a compression factor of 8X (Wang, Anderson et al. 2018), resulting in a large 

(252 GB) 4D volume with isotropic resolution of 15 um (Johnson GA 2023)  

The label map in this study is based on a modified version of the Common 

Coordinate Frame (CCFv3) (Johnson, Tian et al. 2023) from ABA (Wang, Ding et al. 2020). 

The CCFv3 atlas includes 461 carefully curated regions of interest (ROIs). Our workflow 

relies on an initial mapping of labels from our canonical MRH atlas of a 90-day male 

C57BL/6J mouse to the MRH of the specimen under study using a pipeline built around 

Advanced Normalization Tools ( ANTs ) (Anderson, Cook et al. 2019) (Avants 2011). Many 

of the CCFv3 ROIs are less than 1 mm3, including numerous subdivisions of cortical areas 

(laminae) and subcortical structures (subnuclei) that are of limited value within the present 

scope of our analyses. Accordingly, we reduced the label set to 360 ROI (180 per 

hemisphere) gray matter and white matter structures. This modified atlas, which we refer 

to as the reduced CCFv3 (r1CCFv3), consolidates these smaller subregions in CCFv3. 

The r1CCFv3 provides a label set that registers to the MRH volumes reproducibly enabling 

precise neuron counting within a large number of structures. The details of this registration 

process are described in (Johnson, Tian et al. 2022, Johnson GA 2023).  

Following the MRH scans, the brains were carefully removed from the skulls, 

cleared using SHIELD (Park, Sohn et al. 2019), stained using SWITCH (Murray, Cho et 
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al. 2015), and scanned on a selective plane illumination microscope (SPIM) yielding whole 

brain images at a resolution of 1.8 X 1.8 X 4.0 um. The tissue clearing and SPIM imaging 

were performed at LifeCanvas Technology (Cambridge, MA). To transport the specimens 

to LifeCanvas, each specimen was immersed in neutral buffer with 0.5% Prohance in an 

airtight container. The container was then packed into a thermosafe box for transportation.  

The source data and algorithms for diffusion MRI, stains for LSM, and 

abbreviations can be seen in previous Section: Image types and abbreviations.  

Table 1 Test specimens for combined MRH/LSM registration and the immune -
histochemical stains used (See Appendix A for definitions).  The evaluation fiducial  
numbers for each specimen are provided.  

Specimen  Strain/Age Fiducial NeuN Syto16 MBP IBA1 AutoF 

191209 C57BL/6J /90 d 175 X X X   

200302 C57BL/6J /90 d 50 X  X  X 

200316 C57BL/6J /90 d 200 X  X  X 

190108 BXD89/111 d 52 X X  X  

200803 BXD89/687 d 51 X X  X  

2.2.1 Multiple stages of the workflow 

Initial attempts at registration with popular registration algorithms (Avants, Epstein 

et al. 2008, Klein, Staring et al. 2010) were particularly unsuccessful in cerebellum and 

olfactory bulb both of which are prone to significant distortion after removal from the skull 

(Figure 11).  
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Figure 11 The failure of existing registration algorithms in the cerebellum 
and olfactory bulb. (A, B) DWI; (C, D) NeuN image after registration; (E, F) overlaid 
DWI/NeuN (specimen 191209).  The left-hand column shows the result of Elastix  
(Klein et al.,  2010) with rigid and b-spline registration and default  settings. The 
registration errors in the olfactory bulb and brain stem are reduced but the errors 
in the dentate gyrus and cerebellum are significant (arrows in panel E). The right-
hand column shows the result of ANTs (Avants et al., 2008) with affine and SyN and 
default settings. There is a reasonable overlap in the dentate gyrus but significant 
mismatch in the cerebellum and olfactory bulb (arrows in panel F).  

Our workflow employs an initial manual initialization followed by an automated 

multistep registration based on ANTs (Avants, Epstein et al. 2008). The manual 

initialization is applied to all specimens to correct the most challenging distortions. It uses 

sparse landmarks (15~20) with many concentrated in olfactory bulb and brainstem where 

the tissue distortion in the LSM is the greatest. Landmarks are placed in pairs, on both 

LSM and MRH. The landmark locations are 4 landmarks on olfactory bulbs, 2-3 landmarks 

on vessels on both sides between cortex and striatum, 3 landmarks on cerebellum, 2 

landmarks on dentate gyrus, 2 landmarks on hippocampus and 2 landmarks on brain stem 

(as shown in Figure 12 B and D). The second automated step is described in detail below. 
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Figure 12 Visualization of fiducials for evaluat ion/optimization (A,C) and 
fiducials used for rough initialization (B,D). Specimen is 191209. The evaluation 
fiducial set contains 175 fiducials. The initialization fiducial set contains 15 
fiducials.  

2.2.2 Quantitative loss function  

The goal of registration is to transform the image of interest, M i.e. the image that 

is being moved (the LSM volume) into the space defined by the fixed reference image F 

(MRH volume). Our pipelines use a series of transforms applied successively with a loss 

function to evaluate each stage of transformation. For a single transform stage n, the 

transformation Tn can be obtained from optimizing the loss function:  

𝐿𝑛(𝑀, 𝐹) = 𝑆(𝑇𝑛 ∘ 𝑀, 𝐹)  
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in which S is the similarity between F and transformed M. Common similarity metrics 

include mutual information (MI), cross correlation (CC), mean square error (MSE), which 

capture how well the two images are matched based on the joint histogram or signal 

intensities. Since we may use these metrics during registration, using the same metric 

repetitively for evaluation is unacceptable. At the same time, MSE, CC, global MI etc. by 

their intensity-based or histogram-based principles will not generate a stable predictability 

map between LSM and MRH due to the wildly different contrasts. The further explanation 

can be seen with the MI equation in 2.2.3 Optimization and validation. Therefore, we need 

to devise a different loss function.  

The initialized LSM data is warped to MRH space with a combination of registration 

steps built on ANTs (Avants, Epstein et al. 2008). Our workflow encompasses multiple 

types of registration, and each type has different settings of metrics for optimization and 

multi-resolution coarse-to-fine refinement. The loss function should evaluate the 

cumulative consequences of each of these steps. We devised a loss function based on a 

large group (50-200) of fiducials to optimize the pipeline and evaluate its stability (See 

Table 1). We emphasize that these fiducials were used only in the evaluation of our 

pipelines and are not required for routine use. These fiducials were generated by an 

experienced researcher on five different specimens (See Table 1) and consisted of 

matched pairs of points in MRH and LSM. Assuming the composite transform generated 

from our workflow is T, applying T to the fiducials in the space of LSM transforms these 

fiducials to the MRH space. The distance between one MRH fiducial (rmr) and its 

corresponding transformed LSM fiducial (T(r lst)) in the space of MRH is regarded as 

displacement from ground truth, and the average displacement i.e.  L2 norm is used as 

the loss score, i.e. 
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L2 =
∑ (rmr,i

n
i=1 −T(rlst,i))2

𝑛
   

2.2.3 Optimization and validation  

The registration transform can be separated into linear and non-linear stages. To 

reduce the computation, a complicated registration should start from the linear transforms 

to adjust the position, orientation, and scaling of the moving image to match coarsely and 

globally the fixed and moving images. Then, application of non-linear transforms will 

deform the grid to locally match the fine details of fixed and moving images. From the 

popular options of non-linear transforms, we choose b-spline (Tustison and Avants 2013) 

and symmetric diffeomorphic normalization (SyN) (Avants, Epstein et al. 2008) registration 

methods based on their efficiency on large datasets with complicated geometry.  

B-spline relies on the control points to adjust local transform until reaching the 

minima of the loss function. The curve defined by b-spline is a conjunction of multiple 

polynomial curves which only depends on a local group of the control points. Based on 

the zero-order parametric continuity of B-spline, changing one control point will only 

influence the local neighborhood on the grid instead of propagating further. Therefore, b-

spline can generate localized deformations flexibly and is computationally efficient when 

dealing with many control points. The conventional b-spline method applies free-form 

deformation to the image. In this study, the reversal form of the deformation is also 

required when transforming images between the fixed and moving spaces. Hence, we 

adopt the b-spline with the explicit symmetry i.e. b-spline Syn (Tustison and Avants 2013) 

in the actual practice.       

SyN, as a representation of diffeomorphic algorithms, generates voxel-wise 

transformation based on symmetrical and invertible displacements and velocity fields. SyN 
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is implemented on the Insight ToolKit platform and based on Large Deformation 

Diffeomorphic Metric Matching (LDDMM) principles (Avants, Epstein et al. 2008). As an 

improvement, it develops the symmetry between the fixed and moving images, i.e. instead 

of maximizing the similarity between 𝑇 ∘ 𝑀 and F, SyN maximizes the similarity between 

𝜑1(𝑚, 𝑡)𝑀  and 𝜑2(𝑓, 1 − 𝑡)𝐹 , in which 𝑡 ∈ [0,1] , m and f are the respective identity 

positions of M and F, and 𝜑1 , 𝜑2 are the respective correspondence maps from M to F, 

and from F to M. Based on the backward and forward symmetry, t=0.5. The optimization 

problem is then based on the equation:  

𝐸(𝐹, 𝑀) = inf
𝜑1

inf
φ2

∫ {||𝜐1(𝑥, 𝑡)||
𝐿

2
+ ||𝜐2(𝑥, 𝑡)||

𝐿

20.5

𝑡=0
}𝑑𝑡 + 𝑆𝛺(|𝐹(𝜑1(0.5)) −

𝑀(𝜑2(0.5))|)  

to minimize both the pixel displacement and the difference between 𝐹(𝜑1(0.5))  and 

𝑀(𝜑2(0.5)), in which 𝜐1  and 𝜐2  are velocity fields in the opposite directions, 𝑆𝛺  is the 

similarity measurements across the whole 𝑥 surface. The advantage of SyN is the low 

computational cost and the preservation of the image topology. 

An additional factor influencing the registration is the selection of the similarity 

metrics. The most common similarity metrics include cross correlation (CC) and mutual 

information (MI). A common definition of CC is 

𝐶𝐶(𝐹, 𝑀) =
∑ (𝐹𝑖,𝑗−𝐹̅)(𝑀𝑖,𝑗−𝑀̅)𝑖,𝑗

√∑ (𝐹𝑖,𝑗−𝐹̅)
2

𝑖,𝑗 √∑ (𝑀𝑖,𝑗−𝑀̅)
2

𝑖,𝑗

  

CC is very sensitive to significant rotation and scale changes and any intensity difference, 

which limits its performance on cross modality registration evaluation, but including local 

neighborhood CC into the optimization penalty may still help with matching the contours 

of cross modality images.  
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MI defined by: 

𝑀𝐼(𝐹, 𝑀) = 𝐻(𝑀) − 𝐻(𝑀|𝐹) = 𝐻(𝑀) + 𝐻(𝐹) − 𝐻(𝐹𝑀) 

= ∑ ∑ 𝑝(𝑓, 𝑚)𝑙𝑜𝑔
𝑝(𝑓,𝑚)

𝑝(𝑓)𝑝(𝑚)𝑓∈𝐹𝑚∈𝑀   

originates from information theory and measures how much information of one image can 

be predicted correctly from another image which is already known. In this equation, H is 

the entropy, p(f, m) is the joint probability density function of the fixed reference atlas F 

and the moving image M that is being mapped into that reference, and p(f) and p(m) are 

the marginal probability density functions of F and M.  

MI is commonly used for cross-modality registration because it is based on 

intensity probability distribution instead of pure intensity. However, for registering MRH 

and LSM, only employing MI may be risky. As shown in Figure 10 and Figure 14, e.g. DWI 

and NeuN, in regions like cerebellum and olfactory bulbs, the intensity of gray matter in 

DWI is relatively low while in NeuN is high; meantime, in the central parts of the brain and 

the cortex, the intensity in DWI is relatively high while in NeuN is low. With the definition 

of MI, the joint histogram of F and M is scattered and the MI in this case is low, with the 

minimum being 0 which means no mutual information between two images. MI is a good 

measurement for Image F, M when the joint histogram of F and M consists of one or 

multiple condensed distributions but may not be a good similarity measurement for 

MRH+LSM as the local contrast distribution is wildly different. Therefore, if the loss 

function calculated by MI is high, we do not know whether it is induced by the geometric 

mismatch because of the failed registration, or just the local contrast difference between 

MRH and LSM. 



 

 

50 

Table 2 describes the steps for optimizing the registration between an MRH and 

LSM. In our initial tests we used the DWI and Syto16 images from specimen 191209, 

because they both present abundant landmarks with some similarities, though the 

contrasts are different. In later studies, we used DWI and NeuN because NeuN and Syto16 

have similar contrast and the NeuN stain from LifeCanvas was more consistent. Table 2 

lists multiple stages starting with the global alignment progressing to local higher 

resolution details. At each stage multiple variations of the ANTs modules appropriate for 

that task are compared. We refer to a collection as a “pipe” e.g. P1_01 is one combination 

of ANTs modules to perform global registration.   The pipe with the lowest L2 norm is 

chosen for the final pipeline. The output of this pipe is the starting point for the next stage. 

The Syto16 LSM image was initialized using the coarse landmark (20 landmark points) 

initialization correcting the large distortions in brainstem and olfactory bulb.  The 

optimization described in Table 2 was performed on data that had been down sampled to 

45 𝜇m to allow a broad search of parameters. In each stage, we employ the multi-

resolution method, which initially performs the registration at a lower resolution with fewer 

control points and then samples the control points to a higher resolution following 

convergence of the loss function without consuming large computing resources. 

The optimization pyramid (Table 2) includes: 

o Stage 1 focuses on optimizing large global details. Each pipe employs linear 

registration (rigid and affine) followed by non-linear registration (b-spline syn and 

syn). Each pipe uses the same default parameters. In stage 1, P1_02 i.e. Affine 

(Default) + B-spline Syn (Default) + Syn (Default) yielded the lowest loss score, so 

its output served as the input for stage 2.  

o Stage 2 focuses on similarity metrics, i.e., mutual information or cross correlation. 
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o Stage 3 adjusts the b-spline multi-resolution settings with number of layers, shrink 

factors (i.e., down-sampling) and smoothing sigmas (i.e., the radius of Gaussian 

filter). 

o Stage 4 adjusts the b-spline distance, an additional parameter in b-spline syn.  

o Stage 5 alters the syn multi-resolution settings with different number of layers, 

shrink factors and smoothing sigmas. 

The pipe with the lowest L2 norm is labelled in green at each stage.  

Table 2 Pipeline optimization pyramid @ 45 𝜇 m resolution. Specimen is 
191209-1-1. The steps and parameters for the pipes that were tested are 
summarized for each stage. For each stage only the parameters to be optimized will  
change, and one optimal pipe will be selected among the pipes within one st age.  

Experiments OPTIMIZATION COMPOSITION SCORE 

Stage 1 GLOBAL To optimize the combination of multiple transforms  

P1_01 Affine (Default) + Syn (Default) 0.3467 

P1_02 Affine (Default) + B-spline Syn (Default) + Syn(Default) 0.303 

P1_03 Rigid (Default) + Affine (Default) + Syn (Default) 0.4269 

P1_04 Rigid(Default) + Affine(Default) + B-spline Syn(Default)  + 

Syn(Default) 
0.3644 

P1_05 Affine(Default)  + B-spline Syn(Default) 0.3333 

P1_06 B-spline Syn(Default) +Syn(Default) 0.3131 

   

STAGE 2 Similarity To optimize the similarity metrics  

P2_01 Affine (MI) + B-spline syn(CC) + Syn (MI) 0.303 

P2_02 Affine (MI) + B-spline (CC) + Syn (CC) 0.3606 

p2_03 Affine (MI) + B-spline (MI) + Syn (MI) 0.3385 

P2_04 Affine (MI) + B-spline (MI) + Syn (CC) 0.3752 

P2_05 Affine (CC) + B-spline (CC) + Syn (MI) 0.3186 

   

STAGE 3 B-SPLINE To tune the multiresolution setting in b-spline stage  
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P3_11 --shrink-factor 10 --smoothing 5 0.332 

P3_12 --shrink-factor 1 --smoothing 5 0.323 

P3_13 --shrink-factor 1 --smoothing 1 0.326 

P3_21 --shrink-factor 10x1 --smoothing 2x1 0.280 

P3_22 --shrink-factor 10x1 --smoothing 10x2 0.285 

P3_23 --shrink-factor 10x1 --smoothing 10x10 0.350 

P3_24 --shrink-factor 2x1 --smoothing 2x1 0.308 

P3_31 --shrink-factor 10x5x1 --smoothing 3x2x1 0.277 

P3_32 --shrink-factor 10x5x1 --smoothing 10x5x1 0.312 

P3_33 --shrink-factor 10x5x1 --smoothing 10x10x10 0.383 

P3_34 --shrink-factors 3x2x1 --smoothing 3x2x1 0.300 

P3_41 --shrink-factor 10x7x4x1 --smoothing 1x1x1x1 0.274 

P3_42 --shrink-factor 10x7x4x1 --smoothing 4x3x2x1 0.268 

P3_43 --shrink-factor 10x7x4x1 --smoothing 10x7x4x1 0.362 

P3_44 --shrink-factor 10x7x4x1 --smoothing 10x10x10x10 0.495 

P3_45 --shrink-factor 4x3x2x1 --smoothing 4x3x2x1 0.278 

P3_51 --shrink-factor 9x7x5x3x1 --smoothing 9x7x5x3x1 0.292 

P3_52 --shrink-factor 9x7x5x3x1 --smoothing 5x4x3x2x1 0.355 

   

STAGE 4 

B-SPLINE DISTANCE 
To tune b-spline spline distance 

 
 

P4_00 Spline distance default to 26 0.268 

P4_01 Spline distance = 10 0.341 

P4_02 Spline distance = 40 0.268 

P4_03 Spline distance = 60 0.268 

   

STAGE 5  SYN 

 

Tuning the multiresolution setting in SyN stage  

P5_01 --smoothing 3x2x1x0 --shrink  4x3x2x1 0.2679 

P5_02 --smoothing 10x7x4x1 --shrink  10x7x4x1 0.3543 

P5_03 --smoothing 10x7x4x1 --shrink  4x3x2x1 0.3084 

P5_04 --smoothing 1x1x1x1 --shrink  4x3x2x1 0.2703 

P5_05 --smoothing 0x0x0x0 --shrink  4x3x2x1 0.2637 
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P5_06 --smoothing 0x0x0x0 --shrink  6x4x2x1 0.2626 

P5_07 --smoothing 0x0x0x0 --shrink  10x7x4x1 0.2625 

P5_08 --smoothing 0x0x0x0x0 --shrink  20x15x10x5x1 0.2633 

P5_09 --smoothing 3x2x1x0 --shrink  10x7x4x1 0.2656 

   

2.2.4 Registration validation 

Registration with the five specimens was evaluated using the fiducials recorded in 

Table 1. The use of fiducials facilitates the comparison of different pipes and image 

combinations explained in Results section. Figure 12 shows the dense collection of 

fiducials used to optimize the pipes (specimen: 191209). We performed an initial 

evaluation on specimen 200316 with an equally dense set of fiducials. At this point, it was 

clear that a sparser set would be adequate for validation in the other specimens. 

The precision of a given registration was measured using Imaris 

(https://imaris.oxinst.com/products/imaris) which allows one to load multiple 3D volumes 

of different spatial resolution as layers. Vascular landmarks were identified using the three-

plane view. Imaris allows one to toggle between an LSM image and a companion MRH 

image while interactively moving a 3D cross hair. One initially identifies a vessel in cross 

section in the LSM and moves the plane until one encounter a bifurcation. At this point the 

3-dimensional coordinates are recorded. The process is repeated in the MRH, and the 

Euclidean distance is measured. Figure S3 (supplement @ 

https://www.frontiersin.org/articles/10.3389/fnins.2022.1011895/full#supplementary-

material) shows the magnified cross section of a vessel in the NeuN image. The plane of 

the vessel cross section was adjusted until the bifurcation was evident and a fiducial was 

marked. The RD image provides high contrast for the same vessel where the same vessel 

bifurcation is visible. 
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2.2.5 Data and codes availability  

We have made the data for experiments 1-3 available under creative commons by 

NC-SA at https://civmimagespace.civm.duhs.duke.edu/login.php/client/4. The data is 

stored in H5 format to enable interactive examination using Neuroglancer 

(https://github.com/google/neuroglancer). Reviewers can log in with the following 

credentials. Viewers will remain anonymous.  

cr371@duke.edu  

Password: mrmicroscopy  

The code is available in GitHub: 

(https://github.com/YuqiTianCIVM/MRH_LSM_registration). The code provided is 

implemented in Perl and bash (which are available on windows/macOS) and based on 

Ants (https://github.com/ANTsX/ANTs). 

When applying this method, please follow the procedures described in the 

accompanying instructions for installation and in the method section. The processing time 

will depend on the computing resource. Please use a high-performance computing 

resource paired with high memory, especially if the input data is hundreds of GB. 

 

2.3 Results 

Figure 13A plots the rank ordered L2 norm for each pipe. Visual comparisons are 

provided in Figure 13B-I. Figure 13B, F, the starting point for all the comparisons shows 

the initialization using ~20 manual landmarks. The comparison between a 45 m pipe that 

is less accurate (e.g. p2_02, L2 =0.361) and the optimal pipe @ 45 m e.g. (p3_42, 
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L2=0.268), is shown in Figure 13C, G and D, H. The improvement is evident (see white 

arrows in Figure 13G).  

 

Figure 13 Demonstration of the range of results derived from the varied 
pipes. (A) Shows the L2 norm for the pipes listed in Tables 2, 3 registering Syto16 
to DWI (specimen 191209). (B) Shows that the initialization results in reasonable 
alignment in the central slice. But (F) shows that initialization fails in the distal slices 
in the cerebellum. (C, D, G, H) Show results at 45 μm with L2 norms of 0.361 using 
pipe P2_02. There are still significant errors in the cerebellum (arrows in panel G).  
(D, H) With pipe P3_42 performs better with a lower L2 norm of 0.268. Final ly, a 
comparison of panels (D, H) (@ 45 μm) and (E, I)  (@ 15 μm) with pipeline P6_07_H 
demonstrates the utility of performing the registration using the higher resolution 
data. The cerebellar s lice in panels (F–I) highlights a frequent problem i.e., loss of 
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the parafloculoss from handling. The broken symmetry in the data gives rise to 
asymmetric misalignment (arrows in panels C, D, H).  

The parameters derived from Stages 1-3 had significant impact on the L2 norm. 

Changing the b spline distance and Syn in Stages 4 and 5 had less impact so the default 

settings were used in P3_042 as the starting point for experiments conducted with the full 

resolution (15 m data) outlined in Table 3. The variable of interest for this stage of 

optimization is the shrink factor. This last stage is more nuanced depending on compute 

time and the combination of LSM/MRH contrasts (e.g., DWI/Syto16, FA/NeuN) which is 

discussed in more detail in 2.3.1 Pipeline performance with varied image combinations. 

The optimization @ 15 m is started from pipe P6_01, which has the same registration 

setting with the optimal pipe @ 45 m (P3_042). Table 3 demonstrates that the shrink 

factor has an enormous impact on compute time but the L2 norm remains relatively 

unchanged. Inspection of the results shows more subtle impact of the shrink factor. 

P6_01H overfits the data and is 27 times slower.  P6_07H does not overfit and it can be 

executed in a modest time. Comparison between the best pipe at 45 m (P3_042) and 

P6_07H optimized on 15 m is shown in Figure 13 D, H and Figure 13 E,I. 

Table 3 Optimization of pipeline @ 15 𝜇m resolution. The shrink factors in 
the b-spline and SyN stages are the main variables to be optimized.  

Pipeline Composition Score Time 

STAGE 6    

P6_01_H --shrink-factor 10x7x4x1 0.2419 3d17h 

P6_02_H Coarser affine 

--shrink-factor 30x21x12x1 

0.2834 6d12h 

P6_03_H --shrink-factor 30x21x12x3 0.2147 2h29m 

P6_04_H --shrink-factor 30x21x12x1 0.2544 6d12h 

P6_05_H --shrink-factor 40x28x16x4 0.2232 2h43min 
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P6_06_H --shrink-factor 20x14x8x2 0.2314 18h12m 

P6_07_H --shrink-factor 10x7x4x2 0.2382 10h29m 

 

The L2 norm is also shown separately for the cerebellum (CB), olfactory bulb (OB), 

central section of the brain (C) and brain stem (BS). Each region poses unique challenges 

to the algorithm. The contrast is very high between the white matter and the intensely 

stained granular cell layer in the cerebellum in both the NeuN and Syto16 images, and 

there is comparable strong contrast in the DWI. Thus, the L2 norm for this cerebellar region 

converges to a low value for all the pipes. In the central part of the brain, the dentate gyrus, 

fimbria, and corpus callosum all provide unambiguous landmarks and fine tuning the 

pipeline leads to gradual improvement in the score. The olfactory bulb shows a similar 

effect, but the score does not converge to as low a value. This may be because the 

olfactory bulb is one of the most distorted regions of the brain, and there are frequent 

tissue tears. Finally, the brain stem is the most challenging region for registration as 

evidenced by high L2 norm and the high variability between different pipes. The cause of 

this is again evident on inspection of the sagittal LSM and MRH imaged in Figure 10 C 

and Figure 11 D, F. The spinal cord in the LSM is grossly misplaced from its natural 

position forcing the algorithm into large displacements.  

The transform obtained from the 15 m registration was applied to the full 

resolution LSM data through the python interface of 3D Slicer, in the order of their 

generation. The time to apply transforms to full resolution LSM data (~300GB) was 

~2hours. (Dell processor described below) 
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2.3.1 Pipeline performance with varied image combinations 

The registration success depends on the similarity between the anatomical 

features that are evident in the fixed and moving volumes. The initial work described above 

varied the pipes while registering Syto16 to DWI using specimen 191209-1-1. This section 

of the chapter uses a fixed pipe (p6_07H) to explore the success of several specific 

combinations of LSM/MRH images in another specimen (200316) to demonstrate the 

approach more broadly.  The DTI pipeline produces eleven different scalar images, each 

highlighting different diffusion properties (See previous section: Image types and 

abbreviations). The anatomic landmarks in the LSM vary widely depending on the 

immunohistochemistry used.  There are an enormous number of combinations.  Figure 

14A-F show representative comparisons derived from specimen 200316 to help justify the 

comparisons we chose.  The auto fluorescence (AutoF) image (Figure 14A) is frequently 

used to drive registration to the AutoF image in the ABA. NeuN (Figure 14B) and Myelin 

basis protein (i.e. MBP, Figure 14C) are of particular interest to our work in aging. The 

DWI (Figure 14D) is created by averaging all the (registered) diffusion weighted images 

producing high contrast to noise with many anatomic landmarks throughout the volume. 

Cortical layer definition and contrast in the dentate gyrus are particularly high in this 

volume. There are strong similarities between NeuN (Figure 14) and DWI (Figure 14D). 

The FA image (Figure 14E) is a logical choice as it highlights white matter. The RD image 

(Figure 14F) is a putative marker of myelin integrity that might map well to the MBP.  
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Figure 14 Light sheet microscopy of different stains and MRH of different  
contrasts. (A) Auto fluorescent, (B) NeuN, (C) MBP, (D) DWI, (E) FA, (F) RD scale bar 
is 2 mm (specimen 200316).  

2.3.2 Comparison of p6_03H and p6_07H 

Two pipes were chosen for more careful comparison: p6_03H and p6_07H. 

Because of the similarities between NeuN and DWI, this combination was chosen to 

evaluate these two pipes in three different specimens. Table S1 and Figure S1 in the 

supplement summarize the comparison. P6_03H is faster than p6_07H and for one 

specimen (191209) yielded a lower L2 norm. The resulting volumes were imported into 

Imaris to allow interactive review of the relative success of the registration across the entire 

volume. Original paper’s Figure S1 demonstrates that p6_03H yields consistent subtle 

misregistration in the dentate gyrus that is absent in p6_07H.  
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2.3.3 Relative success of multiple combinations 

Table 4 Scores of different combinations of contrast/channels in multiple 
specimens. Specimen 200316 was processed 2 times.  

Contrast\Specimen 200803 200316 
(1) 

200316 
(2) 

200302 190108 191209 

NeuN+dwi 0.135 0.160 0.182 0.222 0.179 0.235 

NeuN+fa 0.169 0.192 0.224 0.274 0.195 0.417 
NeuN+rd 0.147 0.164 0.194 0.247 0.191 0.224 

Syto+dwi 0.137    0.172 0.221 
Syto+fa 0.166    0.203 0.231 

Syto+rd 0.137    0.184 0.239 

autof+dwi  0.150 0.157 0.218   
autof+fa  0.155 0.164 0.239   

autof+rd  0.155 0.161 0.247   
MBP+dwi  0.168 0.185 0.237  0.235 

MBP+fa  0.165 0.179 0.252  0.258 

MBP+rd  0.168 0.185 0.244  0.313 
IBA1+dwi 0.16    0.173  

IBA1+fa 0.157    0.188  
IBA1+rd 0.165    0.190  

Table 4 summarizes an exhaustive comparison of p6_07H across five specimens 

with 15 different pairs of images. Specimen 200316 with the largest number (200) of 

fiducials was run twice with different initializations. Specimens 190108 and 191209 are 

from the BXD series providing a strain with different anatomy than the B6. Comparison of 

the L2 norms between specimens is not appropriate since each specimen has a different 

set of fiducials. This highlights some of the limitations in using fiducials as a quantitative 

metric for comparison of the quality of a registration. The precision of fiducial pairs will be 

biased by the reader placing the pairs. This results in a lower (nonzero) level which will 

vary between specimens that is dependent on the reader/fiducial e.g., an average error of 

135 m for the NeuN/DWI combination for specimen 200803 with 51 fiducials and 235 m 

for specimen 191209 with 175 fiducials. However, comparison of the L2 norms across the 
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different registration combinations within a specimen can provide useful insight into which 

pairs provide the best registration. For example, mapping MBP to RD is one of the least 

successful combinations. Mapping NeuN to DWI or Syto16 to DWI yields one of the lower 

L2 norms for all the specimens. The duplicate comparison for specimen 200316 highlights 

the stochastic nature of the registration with a 12% difference in the L2 norm (NeuN+DWI) 

between the two runs, but the relative scores of varied combinations of mapping remain 

unchanged.  

One of the more surprising results is the success of the AutoF/DWI combination. 

Original paper’s supplemental Figure S2 shows the results of registration using the pipe 

p6_07H with two image combinations: AutoF to DWI and NeuN to DWI with specimen 

200316. The transforms generated with the AutoF to DWI registration was then applied to 

the NeuN. The registered pairs (NeuN to DWI) for both transforms were interactively 

reviewed in Imaris to discern areas in which the transforms differed. The target image 

(DWI) is displayed in yellow, and the moving image (NeuN) is displayed in green. In 

Original paper’s supplemental Figure S2A (NeuN to DWI) there are subtle errors in 

alignment in the cerebellum that are not evident in the AutoF/DWI pair. Yet the internal 

structures e.g., the dentate gyrus seem to be comparable. Comparison of the moving 

images C) NeuN or D) AutoF, highlight the high contrast granular layer in the NeuN image 

and the relatively flat contrast in the AutoF image. The high contrast in this granular layer 

dominates the registration since the NeuN stain in the outer edge of the brain is 

nonexistent. Registration using the AutoF is more successful since the contrast in the 

cerebellum is quite flat. This highlights one of the most challenging aspects of this task 

i.e., the registration of two volumes with completely different sources of contrast.  



 

 

62 

The NeuN/DWI combination has become our standard method since many of our 

planned studies require insight into neuronal density. Landmark comparison of the vessels 

in the NeuN to DWI registration was undertaken using Imaris to gauge the quality of 

registration away from the edges. The procedure was carried out on 11 distinct vessels 

predominantly located around the brain's center. The mean displacement was 22 m in 

Specimen 200803.  

2.3.4 Volume corrections to LSM  

The most common way of delineating brain regions on an cleared brain image is 

via registration to an atlas  (Tappan, Eastwood et al. 2019) (Perens, Salinas et al. 2021) 

(Kutten, Vogelstein et al. 2016) or registration of the atlas to the volume under study 

(Goubran, Leuze et al. 2019). The most commonly used atlas is the ABA i.e. the CCFv3 

3D template constructed from a population of 1675 young adult B6 brains using AutoF 

(Wang, Ding et al. 2020). In Figure 15, we used our MRH atlas to estimate the regional 

volume changes in the LSM images from tissue swelling in specimen 190108. This 

specimen (111-day BXD 89) is representative of our broader interest- understanding the 

genetic basis for age related changes in the BXD family (Ashbrook, Arends et al. 2021). 

We registered the NeuN to DWI for specimen 190108 using the final registration pipeline. 

Labels were registered to the DWI of specimen 190108 from our reference B6 atlas 

(200302) using our MRH registration pipeline (Anderson, Cook et al. 2019). The transform 

that was generated was inverted to transform the labels on the DWI back to the 

uncorrected NeuN volume. Figure 15A,B shows the NeuN volume before and after 

correction respectively. Note the changes in the width is larger than the change in length 
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highlighting the nonuniform distortion. This is even more apparent in Figure 15C and D 

which shows a sagittal cross section before and after correction.    

 

Figure 15 Distortion correction of the LSM data by registration to the MRH 
of the same specimen (190108). (A) Surface rendering of uncorrected LSM volume 
and (B) corrected LSM volume. The scale bar is 2 mm. (C) Midsagittal section of the 
labels on the LSM data before correction; (D) midsagittal section after correction: 
the scale bar in panels (C, D) is 2 mm. The distortion is present both within the plane 
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of section and across the plane making it difficult to define identical planes. The 
highlighted edges in panel (C) are an interpolation artifact.  

Figure 16 summarizes the change in volume for the 50 largest regions of interest. 

We have used the reduced set of labels (rCCFv3) defined in  (Johnson, Tian et al. 2022). 

The nomenclature is consistent with CCFv3. The magnitude and variability are significant. 

The olfactory bulb (OB) is nearly 80% larger in the uncorrected data while the corpus 

callosum (cc) is ~10% smaller. The problem is compounded when comparing specimens 

as the differential swelling varies, and it varies considerably between different clearing 

methods. These variations must impact the shape of the structures.  Figure 17 

demonstrates the impact on the non-uniform distortion on the hippocampus, a region of 

particular interest in age related neurodegeneration (Sabuncu, Desikan et al. 2011) 

(Katabathula, Wang et al. 2021). Figure 18 demonstrates the variability of deformation in 

30 brain regions across multiple specimens.  

 

Figure 16 Bar plot of ratios of the volumes before and after registration. The 
regions are ranked by the ROI volume. The ratio  of a volume is obtained by  



 

 

65 

𝑉𝑏𝑒𝑓𝑜𝑟𝑒 𝑟𝑒𝑔−𝑉𝑎𝑓𝑡𝑒𝑟 𝑟𝑒𝑔 

𝑉𝑀𝑅
. The abbreviations of the regions are based on rCCFv3  (Johnson, 

Tian et al. 2022) (See Appendix B) with a labeling convention consistent with CCFv3.   

 

Figure 17 Volume rendered image showing hippocampal  regions before and 
after morphologic correction. Color: CA1 (green), CA3(red) (A) in situ after 
registration; (B) isolated for shape analysis before geometric correction; (C) isolated 
for shape analysis after geometric correction. The scale bar is 2 mm.  

 

Figure 18 The swelling rate difference across different specimens in 30 
largest regions. Specimens are in order C57BL/6J, BXD89, BXD89. The abbreviations 
of the regions are based on rCCFv3 and are ranked by the regional volumes.  
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2.3.5 Limitations 

Registration of LSM to the MRH of the same specimen improves the geometric 

accuracy over existing methods of registration to the Allen Brain Atlas as demonstrated in 

Figure 16. But there are limitations. While the MRH data are acquired with the brain in the 

skull they are not a perfect match to the in vivo scan. Ma et al have compared in vivo and 

ex vivo scans  (Ma, Hof et al. 2005, Ma, Smith et al. 2008). They are significant with volume 

difference between in vivo and ex vivo (out of skull) varying from +60% (fimbria) to -79% 

(ventricles). The majority of this difference arises from removing the brain from the cranial 

vault. Our images have been acquired with the brain in the skull which reduces this 

problem. But the ventricles are collapsed and there may be shrinkage due to fixation. 

Inspection of the data before skull stripping has demonstrated no measurable separation 

of the brain surface from the skull so the shrinkage from fixation is limited. But ventricle 

distortion remains a limitation. An additional source of uncertainty arises from the transfer 

of the label from our canonical MRH atlas to any new MRH data using our SAMBA pipeline 

(Anderson, Cook et al. 2019). The accuracy and precision of the pipeline are dependent 

on the tuning parameters of the pipeline and the morphologic differences between the 

unknown specimen to which labels are mapped and the canonical atlas. We are 

confronted with the fact that the atlas is constructed from a B6 as is the ABA. But the tests 

performed in validating the atlas included a systematic variation of inputs using a synthetic 

model with varied anatomy and a real-world source of variation based on a model of stroke 

causing significant volume changes in several structures in the brain. With appropriate 

selection of the SAMBA registration parameters ROC analysis showed area under the 

curve (AUC) better than 0.99. 
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2.4 Discussion 

This work was initiated to enable combined analysis of cells and circuits from MRH 

and LSM in the same specimen. We have developed a method to register the LSM images 

which allow us to count cells to MRH, which maintains brain morphology inside the skull 

more closely approximating that in a live animal. Transferring labels from the MRH to the 

corrected LSM data allows us to measure regional cell densities with much greater 

accuracy than previous methods. 

We addressed several challenges in correcting the significant and irregular 

distortion in the LSM; registration between fundamentally different images with significant 

differences in contrast; registration of very large volumes (300 GB). We have employed 

an initialization involving ~ 20 landmarks followed by pipeline with multiple stages of 

transformations and metrics to minimize a user customized L2 norm score.  

From the optimization, we selected the registration workflow with a combined 

consideration on accuracy and time. The optimized workflow (pipeline p6_07) takes an 

average of 7.5 hours on a computer with 2 64-core processors and 2TB RAM, with the L2 

norm of 135 𝜇𝑚. The workflow shows robustness in multiple specimens.  Our approach 

takes advantage of the high spatial and contrast resolution in the MRH images to provide 

internal landmarks the drive the registration locally across the whole brain which is evident 

from the small mean displacement (~22 𝜇𝑚) of fiducials, which are picked at the junctures 

of vessels in both MRH and LSM.  

As both MRH and LSM include varied contrasts (Figure 14), we did experiments 

to find the best combination of different diffusion scalar images and immuno-
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histochemistry with LSM. A surprising conclusion is that registrations between DWI and 

AutoF or NeuN are similarly good. The practical consequence for our use is that we will 

not have to acquire an AutoF image freeing up a channel in the LSM for a more useful 

cytoarchitectural measure i.e., NeuN. 

Multiple groups have developed methods for automated labeling of 3D optical 

images from cleared mouse brains (Kutten, Vogelstein et al. 2016, Perens, Salinas et al. 

2021). These approaches rely on the Allen Brain Atlas as the reference (Wang, Ding et 

al. 2020). We are interested in mapping the age-related changes across multiple strains 

(for both genders). Registration of these data to the young adult male C57 that is the core 

of the ABA could obscure the morphologic changes of interest. Reiner et al (Renier, 

Adams et al. 2016) used MRI of a fixed mouse brain to measure the degree of distortion 

from tissue processing with iDisco but their MRH images were of a half brain taken with a 

relatively low contrast gradient echo out of the skull. Labeling relied on mapping the 

autofluorescence image to the ABA. The MRI was not used in this step. Gourban et al 

have developed a pipeline that is similar to that which we report here(Goubran, Leuze et 

al. 2019). Our work differs from their approach in four ways. Our dMRI protocols acquire 

data @ 15 m vs 200 m i.e., a difference in voxel volume of 2370 X with the 

commensurate challenge of larger image arrays. As demonstrated in Figure 3E,I, 

registration with the full resolution MRH (15 m) makes a difference. Table 4 provides an 

excellent starting point for evaluation of many of the alternatives. Finally, our pipeline takes 

advantage of a truly isotropic 3D MRH atlas of the brain in the skull to which rCCF3 labels 

have been mapped. Our approach provides an efficient method for segmenting brain 

regions in LSM data mapped in the MRH space of the same specimen which will allow 

quantitative study of cytoarchitecture e.g., cell density along with connectivity. The 
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contrast study also would be a fruitful area for the further work. For example, a broader 

study could consider synthetic contrast from combinations of scalar dMRI images that 

might contain complementary information or using machine learning to transfer the 

contrast from LSM to MRH to reduce the registration difficulty due to different contrast 

distributions(Sedghi, O'Donnell et al. 2021). Artificial intelligence may well provide new 

avenues to improve the registration quality and efficiency (Fu, Lei et al. 2020, Sedghi, 

O'Donnell et al. 2021). 
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3. A rapid workflow for neuron counting 

This chapter references the study detailed in the paper available at 

https://www.frontiersin.org/journals/neuroscience/articles/10.3389/fnins.2023.1223226/fu

ll, along with its accompanying supplementary material accessible at 

https://www.frontiersin.org/articles/10.3389/fnins.2023.1223226/full#supplementary-

material. 

Summary 

Knowledge of neuron numbers and neuronal density provide critical insight into 

brain structure and function, especially in mouse models of human disease. However, 

there is significant variability in the regional quantification of neurons in prior work using 

mouse models. Such variability could be real or a reflection of protocols that do not 

account for morphologic deformations and associated errors in the application of standard 

label maps. We address the issue of inaccurate quantification of neurons in mouse models 

by introducing a workflow that consists of the following steps: 1. Using magnetic 

resonance histology (MRH) to establish the size, shape, and regional morphology of the 

mouse brain in situ. 2. Employing light-sheet microscopy (LSM) to selectively label all 

neurons in the entire brain. 3. Registering LSM data volumes to MRH volumes to correct 

for dissection artifacts and morphological deformations. 4. Implementing a novel protocol 

for automated sampling and counting of neurons in 3D LSM volumes. This workflow can 

analyze the neuron density of one brain region in less than 1 min and is highly replicable 

to cortical and subcortical gray matter regions and structures throughout the brain. We 

report deformation-corrected neuron counts and neuronal density in 13 representative 

regions across 5 C57BL/6J specimens. The data represent the variability among 



 

 

71 

specimens in the same brain region and across regions within specimens. Our data are 

within the range of values reported in previous studies of neuron density for mouse brain 

regions. We also demonstrate the application of our workflow to an aging model of the 

mouse brain. This workflow improves the accuracy of neuron counting and the 

assessment of neuronal density on a region-by-region basis, with broad applications in 

research that focuses on understanding how genetics, life experience, and development 

across the lifespan impact brain structure and function. 

3.1 Introduction 

Accurate counts of neurons are essential metrics for understanding the structure 

and function of the brain (Bonthius, McKim et al. 2004, Herculano-Houzel and Lent 2005). 

This is particularly important for pre-clinical studies of human disease, as it provides a 

necessary starting point for assessing neurodegenerative changes on a regional 

basis(Bandeira, Lent et al. 2009) (Price, Ko et al. 2001) (Rosen and Williams 2001). In 

addition to absolute counts, measuring neuron density can provide important insights into 

the structural complexity of local circuits. The distribution of neurons in the mouse brain 

on a region-by-region basis is also crucial for understanding variation between individuals 

and strains. The density of neurons can reflect the distinctive cytoarchitecture of brain 

regions, including laminar organization, size and shape of constituent neurons, and the 

volume and composition of associated neuropil(Kasthuri, Hayworth et al. 2015) (Spocter, 

Hopkins et al. 2012) (Wree, Schleicher et al. 1982). Furthermore, assessing neuronal 

densities in targeted brain regions under varying conditions may reveal impacts that 

change the composition of neuropil with or without associated loss or gain of neuronal cell 

bodies (Amunts, Schlaug et al. 1996, Selemon and Goldman-Rakic 1999). The 



 

 

72 

heterogeneity of neuronal density within a given region can provide insights into the 

complexity, developmental history, and functional diversity of the region (Peters, 

Josephson et al. 1991). Establishing such datasets enables pre-clinical studies of the 

impact of genetics, environment, and development across the lifespan on brain structure. 

To investigate cells numbers and densities in CNS, researchers have developed 

various quantitative methods, including several stereological approaches (Williams and 

Rakic 1988) (West 1999, von Bartheld 2002) (Deniz, Altun et al. 2018) (Schmitz and Hof 

2005) and approaches that first homogenize brain tissue and dissociate brain cells 

(Herculano-Houzel and Lent 2005) (Collins, Young et al. 2010) (Young, Flaherty et al. 

2012). Stereology is a quantitative method for estimating the three-dimensional 

characteristics of biological structures using two-dimensional histological sections or 

images and systematic random sampling within delineated brain regions. In traditional 

approaches to stereology, the specimen is preserved by means of chemical fixation, the 

brain is removed from skull, sectioned into thin slices (usually 5–50 μm thick), and stained 

with specific dyes to highlight different cell types. The sections are then viewed under a 

microscope, and measurements are taken to estimate the cell numbers within delineated 

brain regions. Both 3D counting and the optical fractionation are alternatives to traditional 

stereological methods introduced by Abercrombie (1946, reviewed in Williams and Rosen, 

2003)  that is design-based in its approach to sampling a volume of tissue, counting 

targeted objects (e.g., neurons), and generating statistics that assess the precision of the 

counts(West 1999). These methods a considered unbiased by sectioning artifact, but still 

can suffer from bias due to differential z-axis shrinkage and variable penetration of stains. 

By providing a less biased estimate of structural parameters, these modern stereological 

methods have contributed significantly to our understanding of many biological systems. 
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However, there are some limitations. Stereological methods require extensive preparation 

of tissue and the use of microtomes to section material. This can introduce damaging 

artifacts, lost sections, and distortions, even in the hands of experts. The results are 

sensitive to a range of factors, including the choice of chemical fixation, the post-fixation 

treatment of the specimens, the specific histological protocols used, and the specific 

features of the design-based approach to sampling and counting. Thus, it has been difficult 

to determine the accuracy of the measurements obtained in tissue that was subject to 

such deformation and the range of operational variables employed. Finally, stereological 

analysis can be a time-consuming process. For instance, the preparation and counting of 

brain tissue samples from the neocortex and hippocampus can take up to five days 

(Bonthius, McKim et al. 2004). When multiple brain regions are analyzed, the time and 

effort required can increase significantly, and the manual aspect of the process can 

introduce additional sources of variability. 

In contrast, the isotropic fractionator (IF) involves homogenizing a small tissue 

sample from a region of interest—or the entire brain itself—and processing it into a uniform 

suspension of cells. The cells are then stained with a dye and placed into a special 

counting chamber, where the number of cells in a known volume is counted under a 

microscope(Herculano-Houzel and Lent 2005), or by the flow cytometry(Collins, Young et 

al. 2010) (Young, Flaherty et al. 2012). The total number of cells in the brain region can 

then be estimated by extrapolating the cell density from the counting chamber to the 

reported or measured volume of the entire brain region. The downsides to isotropic 

fractionator are similar to stereology. One limitation is that both IF and stereology use the 

brain which is taken out of the skull and processed, introducing swelling or shrinkage, 

which can affect the accuracy of volume estimation. 
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Light sheet microscopy (LSM) has emerged as a powerful tool for 3D visualization 

of targeted populations of cells in intact, cleared tissue samples using fluorescent 

immunocytochemistry. Recent advances in tissue clearing (Ueda, Ertürk et al. 2020) have 

enabled the capture of high-quality, countable images in the whole-brain using LSM 

(Hillman, Voleti et al. 2019). These intact 3D volumes can then be used for accurate 

counting of neurons and assessing neuronal densities, providing a more comprehensive 

and representative view of the brain region of interest. Typically, the whole brain images 

are registered to a standard reference atlas, such as the Waxholm Space Atlas (WHS) 

(Johnson, Badea et al. 2010) or the Allen Brain Atlas (ABA) (Wang, Ding et al. 2020). The 

combination of the digital images and the standard reference atlas facilitates the 

segmentation of regions and correction of altered brain morphology, allowing for 

comparison of neuron numbers and density within and across studies. 

Researchers have employed this approach of registering  LSM to WHS or ABA 

atlases in a number of recent studies (Renier, Adams et al. 2016) (Zhang, Yan et al. 2017) 

(Krupa, Fragola et al. 2021) (Susaki, Tainaka et al. 2014) (Menegas, Bergan et al. 2015). 

Susaki et al (Susaki, Tainaka et al. 2014) mapped LSM to WHS space but did not proceed 

with cytometric quantitative analysis. The remaining studies mapped the LSM images to 

ABA space for analysis. ClearMap, as described by Reiner et al (Renier, Adams et al. 

2016), utilizes a peak detection algorithm with a threshold determined by comparing 

manual and machine counting, which may not yield optimal results when applied to 

complex and heterogeneous neuron distributions. Zhang et al (Zhang, Yan et al. 2017) 

employed L1 minimization (Lasso), a machine learning regression method, to detect 

neurons in the whole brain. However, this method assumes sparsity of objects and a linear 

relationship between input features and output variables, with all features equally 
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important, which may not hold true in the case of heterogeneous neuron distributions. 

Krupa et al (Krupa, Fragola et al. 2021) used a 3D Unet for cell detection, but this method 

requires large inputs and considerable training time compared to machine learning. 

Menegas et al (Menegas, Bergan et al. 2015) utilized Ilastics (https://www.ilastik.org) to 

segment cells in eight brain regions, with separate training for each region. 

Registration of LSM images obtained from mouse brains to ABA space for 

correcting deformation and quantitatively segmenting brain structures and regions has 

one fundamental deficiency. The ABA atlas was generated from multiple specimens that 

were imaged after the brain was removed from the skull (Wang, Ding et al. 2020).The lack 

of skull support and the effects of processing will deform the brain. Furthermore, ABA 

assembled their atlas from 1600 animals, which were registered into a volume that does 

not conform to the size and morphology of the in-situ mouse brain—as we demonstrate in 

this work. 

We present a novel approach that is highly reproducible and allows efficient 

counting across the whole brain. Our method utilizes magnetic resonance histology 

(MRH), an extension of MRI to microscopic resolution of fixed tissue specimens (Johnson, 

Benveniste et al. 1993). MRH images are acquired with the brain inside the skull, resulting 

in a representation that more closely approximates the size and morphology of the in vivo 

brain (Johnson GA 2023), as compared to reconstructions from histological methods that 

require dissection, serial sectioning of the brain, and chemical treatment of thin brain 

sections. As a result, MRH images can serve as the “gold standard” for correcting ex situ 

brain morphology. Our workflow offers a powerful combination of morphological correction 

based on MRH, machine learning-based neuron classification, and post-processing. It 

provides accurate and detailed neuron counts and calculations of neuronal density, which 
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can be readily derived from different brain regions and specimens. Our method features 

a large, well-defined field of view in 3D, which allows for a comprehensive analysis of an 

entire sub volume under study. Moreover, our workflow applies the principles of optical 

fractionation to systematically sample and count neuron numbers in 3D volumes, which 

reduces the computational costs and represents a novel digital approach not previously 

explored. 

3.2 Methods 

3.2.1 Specimens 

Two groups of animals were used to test the methods (see Table 5). The first group 

included 5 C57BL/6J mice (4 male and 1 female) that were sacrificed at 90 ± 3 days to 

test the consistency of the counts and provide measures that could be related to existing 

literature. A second experiment with BXD89 mice included two male specimens at 111 

and 687 days to test the sensitivity of the method to changes in neuronal density arising 

from aging. The BXD strains are a set of well-characterized recombinant inbred mouse 

strains, making them a valuable tool for systems genetics studies (Ashbrook, Arends et 

al. 2021).  

Table 5 Test specimens for neuron counting  

Specimen ID Sex Strain/Age 

191209 M C57/90 d 

200302 M C57/90 d 

200316 F C57/90 d 

200826 M C57/92 d 
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210823 M C57/93 d 

190108 M BXD89/111 d 

200803 M BXD89/687 d 

 

3.2.2 MRH, label map and LSM scanning 

All animal procedures were carried out in accordance with guidelines approved by 

the Duke Institutional Animal Care and Use Committee. Specimens were perfusion-fixed 

using an active staining method as previously described (Johnson, Wang et al. 2019). 

Briefly, warm saline was perfused through a catheter in the left ventricle to exsanguinate, 

followed by ~ 5 minutes of perfusion (50 ml) of a mixture of 10% buffered formalin and 

10% Prohance (Gadoteridol) to reduce the spin lattice relaxation time (T1) of the tissue 

for accelerated scanning. MRH scanning was performed on a 9.4 T vertical bore magnet 

with a Resonance Research, Inc., gradient coil yielding peak gradients up to 2500 mT/m, 

controlled by an Agilent console running VnmrJ 4.0. The MRH scanning was performed 

using a Stesjkal Tanner spin echo sequence with b values of 3000 s/mm2 and 108 angular 

samples spaced uniformly on the unit sphere. Compressed sensing (Lustig 2007) was 

used with a compression factor of 8X (Wang, Anderson et al. 2018), resulting in a large 

(252 GB) 4D volume with isotropic resolution of 15 um (Johnson GA 2023)  

The label map in this study is based on a modified version of the Common 

Coordinate Frame (CCFv3) (Johnson, Tian et al. 2023) from ABA (Wang, Ding et al. 2020). 

The CCFv3 atlas includes 461 carefully curated regions of interest (ROIs). Our workflow 

relies on an initial mapping of labels from our canonical MRH atlas of a 90-day male 

C57BL/6J mouse to the MRH of the specimen under study using a pipeline built around 
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Advanced Normalization Tools ( ANTs ) (Anderson, Cook et al. 2019) (Avants 2011). Many 

of the CCFv3 ROIs are less than 1 mm3, including numerous subdivisions of cortical areas 

(laminae) and subcortical structures (subnuclei) that are of limited value within the present 

scope of our analyses. Accordingly, we reduced the label set to 360 ROI(180 per 

hemisphere) gray matter and white matter structures. This modified atlas, which we refer 

to as the reduced CCFv3 (r1CCFv3), consolidates these smaller subregions in CCFv3. 

The r1CCFv3 provides a label set that registers to the MRH volumes reproducibly enabling 

precise neuron counting within a large number of structures. The details of this registration 

process are described in (Johnson, Tian et al. 2022, Johnson GA 2023).  

Following the MRH scans, the brains were carefully removed from the skulls, 

cleared using SHIELD (Park, Sohn et al. 2019), stained using SWITCH (Murray, Cho et 

al. 2015), and scanned on a selective plane illumination microscope (SPIM) yielding whole 

brain images at a resolution of 1.8 X 1.8 X 4.0 um. The tissue clearing and SPIM imaging 

were performed at LifeCanvas Technology (Cambridge, MA). To transport the specimens 

to LifeCanvas, each specimen was immersed in neutral buffer with 0.5% Prohance in an 

airtight container. The container was then packed into a thermosafe box for transportation. 

The processing streams for MRH and LSM are depicted in Figure 19A. 

3.2.3 Automated Neuron counting 

Overview of the algorithm 

To address the significant distortion introduced during skull removal and chemical 

processing in the preparation of LSM samples, the LSM images are first registered to the 

MRH volumes of the same specimen (Figure 19) (Tian, Cook et al. 2022). Section 3.3.1 

Visualization of morphology correction, accompanied by Figure 23, provides a detailed 
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explanation of the impact of correcting the morphology and extraction of the cytometric 

statistics. We examine the effects of the preprocessing steps on the neuron density 

measurements, providing insights into the importance of these steps for accurate data 

analysis. 

 

Figure 19  Overview of the workflow for assessing the density of 
neurons. (A)  The mouse brain is  imaged using two modalities: MRH imaging while 
the brain is in the skull, followed by LSM after the brain is removed from the skull  
and subjected to tissue clearing.  (B)  The LSM data are pre-processed by registering 
to MRH correcting the deformation in brain morphology.  (C)  The automated 
workflow locates the region with the label from r1CCFv3 and generates random 
subvolumes within that region to sample, applying the design -based principles of 
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optical fractionation. Neurons in each subvolume are identified via a random forest  
algorithm followed by 3D watershed and volume filters and counted.   

The workflow is visualized in Figure 19 . After warping the LSM and label map to 

the MRH space, the user selects a region for analysis by inputting the corresponding label 

from the label map into Fiji. This generates a surface defining the region of the selected 

label, as well as a group of subvolumes within the surface. These subvolumes are 

distributed in a uniform but random manner, which improves the accuracy of neuron 

counting and facilitates analysis of the heterogeneity of neuron distribution throughout the 

selected region. For each subvolume, we apply a supervised algorithm called random 

forest neuron segmentation, which utilizes an ensemble of decision trees to generalize the 

projection between graphical features and labels. This algorithm is commonly used in 

image processing tasks and requires only a small amount of training data to perform well. 

Prior to segmentation, the random forest classifier is pre-trained using training data 

consisting of binary signatures, where neurons are labeled as 1 and non-neurons as 0, as 

well as feature vectors extracted from various visual characteristics of the image, such as 

texture, shape, and size. The training process optimizes the relationship between 

graphical features of an image and the assigned neuron labels. After the random forest 

segmentation is applied to each subvolume, the workflow will perform post-processing on 

the objects classified as neurons. This post-processing uses 3D watershed and volume 

filters to further isolate the neurons as discrete objects. The final count of the neurons in 

each subvolume is generated based on these refined objects. The density is calculated 

by averaging subvolumes, and the standard deviation of the density provides insight into 

the variability of the neuron distribution within the region. 
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Sampling ratio 

Table 6 shows the outputs at different sampling ratios. According to the pioneering 

gold standard stereology paper (Page 26, between equation 17 and 18 in (Gundersen and 

Jensen 1987) ), stereologists typically use a sampling ratio of the order of 1/1000. In our 

demonstration, we employed 15 subvolumes of size 100 um x 100 um x 100 um to sample 

the entire region, resulting in a sampling ratio ranging from 0.25% to 4%, which is well 

above the 1/1000 threshold. 

While increasing the sampling ratio in stereology can be time-consuming due to 

the need to manually slice and count, our method allows for easy adjustment of the 

sampling ratio by either increasing the number of subvolumes or their size. Both 

adjustments can be done effortlessly by altering the parameters. To further illustrate the 

influence of the sampling ratio on the final density counts, we have conducted a simple 

experiment done in the Auditory region of one specimen, the results of which are 

presented in this section.  

Table 6 The density output obtained from measurements at various sampling 
ratios.  

SAMPLING 

RATIO 

0.25% 0.5% 0.75% 1% 5% 

MEAN 

(*103/MM3) 

103.27 99.97 100.04 99.017 101.47 

STD  

(*103 /MM3) 

14.74 18.77 18.049 14.51 18.1 

This experiment demonstrates that increasing the sampling ratio does not 

significantly impact the mean density. The variation in standard deviation observed can 

be attributed to the inherent heterogeneity introduced by random sampling. Overall, the 

density output remains stable whether we sample 15, 60, or 300 subvolumes. 
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Simulation of pipeline 

To gain a comprehensive understanding of the watershed function, we conducted 

a simulation utilizing spheres to effectively illustrate this component within the proposed 

workflow. The tiff stack encompassing overlapping spheres was generated through 

Python's NumPy library and subsequently underwent processing involving the watershed 

portion of the workflow within FIJI. 

 

Figure 20 The simulation for watershed. Panel A,  a simulation showcases 30 
heavily overlapping spheres with sizes ranging from 8 to 10 um, confined within a 
100um cube. Within our practical workflow, neuronal segmentation is executed to 
isolate neurons from the background, resulting in a distinct binary map, as 
simulated in Panel B.  Panel C portrays the processed image post binarization, 3D 
watershed transformation, and 'Connected Components Labeling' operations 
carried out using the macro, which segregates  the spheres and assigns a unique 
value to each. Random color assignment was undertaken in Python. The impact of 
the watershed operation is elucidated through a cross -sectional view of the 
simulated cube in Panel D.  
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F1 score, precision and recall change with the number of training 
nuclei 

To investigate the impact of the number of training examples, we utilized the pre-

trained model with varied number of training nuclei, across various subvolumes located 

within the selected region at the boundary between the cortex and hippocampus. This 

region was selected due to its dense neuronal population. Figure 21 provides a 

visualization of the F1, precision and recall scores as they change with the number of 

training examples.  

F1 score, precision, and recall are commonly used metrics in classification tasks 

to evaluate the accuracy and performance of a model's predictions. Precision is the ratio 

of true positive predictions to the total predicted positive instances, measuring the 

accuracy of positive predictions. It is calculated as Precision = True Positives / (True 

Positives + False Positives). 

Recall is the ratio of true positive predictions to the total actual positive instances, 

assessing the model's ability to identify positive instances. It is calculated as Recall = True 

Positives / (True Positives + False Negatives). 

F1 Score is the harmonic mean of precision and recall, representing the balance 

between the two metrics and indicating overall model performance. It is calculated as F1 

= 2 * (Precision * Recall) / (Precision + Recall). 

In Figure 21, the training is on different number of nuclei examples and the 

validation subvolumes are distributed across the region as depicted in panel A. The masks 

generated by the machine segmentation are compared with the ground truth manual 

labelling to obtain the scores. The results demonstrate that training on approximately 20 

nuclei can yield an F score of around 0.9, while still maintaining flexibility and ease of use. 
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These findings highlight the potential for achieving high accuracy in neuron counting with 

a relatively small number of training examples. 

 

Figure 21 illustrates the location of the validation subvolumes  (white boxes)  
and showcases the changes in scores corresponding to the number of training nuclei 
examples (each example is the individual nuclei and its surrounding background).  

 

Comparison with other software 

We selected Random Forest as our method due to its low requirement for training 

data and computational efficiency. During our evaluation, we considered alternative 

approaches such as 3D segmentation using the deep learning-based CellPose Model 

(Stringer, Wang et al. 2021), which offers the convenience of pretrained neuron network 

models. The CellPose Model took an average of around 1500 seconds to run the network 

and generate masks for a dataset of size 250 x 250 x 10 um (500 x 500 x 20 voxels) under 

cyto mode. The resulting masks exhibited relatively low F1 scores, likely due to the model 

being pretrained on a dataset that differed significantly from our test dataset. 
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For StarDist, we utilized the StarDist2D method (Schmidt, Weigert et al. 2018) and 

applied it slice by slice. Consequently, the scores and computational time may vary from 

those of 3D segmentation. Compared to these two methods, which require extensive 

pretraining and assume that neurons share similar characteristics with the training data, 

our proposed method demonstrates greater flexibility and computational efficiency. 

In this comparison, we opted not to employ GPU due to the relatively small size of 

the subvolumes in practice. 

Table 7 The F scores and computing times for different methods.  The timing 
recorded for each method corresponds to the time taken for running the models 
and iterating through the slices in the case of the 2D method.  

 CellPose StarDist2D Proposed method 

F1 score 0.69 0.85 0.89 

Computing time ~1500 s ~15s  <5s 

 

 

Figure 22 showcases the segmentation masks generated using different 
methods, all of which utilized pre -trained models.  

Big data environment 

Whole brain LSM images are large -- typically ~ 300 GB. To enable efficient, 

interactive development and execution of the workflow we have assembled a 

hardware/software environment suited for these large data. The pipeline has been 
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implemented on two high performance Dell servers: Dell E5-2400, NVIDIA Tesla V100 

GPU and a Dell E52670, NVIDIA V100 GPU. Each server has 1.5TB of memory. 

Several software packages have been integrated into the big data environment. 

Imaris (https://imaris.oxinst.com) is a commercial software package designed for 

interactive 3D/4D viewing of large microscopy data sets. It accommodates simultaneous 

visualization of multiple light sheet volumes using a hierarchical data format. Imaris has 

been developed to allow memory sharing with external packages. One of these is Fiji 

(https://fiji.sc/), a distribution of ImageJ that has been developed for applications such as 

that envisioned here through the extensive use of plugins. One crucial plugin for our work 

is BigDataViewer (Pietzsch, Saalfeld et al. 2015), an open source solution for 

accommodating large volumes in Fiji and supporting plugins for post processing. This 

includes LabKit (Arzt M 2022), a user friendly Fiji plugin for microscopy segmentation 

using the random forest algorithm. 

Compiled algorithms 

To improve the accuracy and efficiency of neuron counting, we developed two 

pipelines for different purposes: one for visualized validation and the other for production 

use. The initial pipeline (available on GitHub: 

https://github.com/YuqiTianCIVM/NeuronCounting/blob/main/Algor_forVisualization.py) 

provides visualization of classification and segmentation performance. This algorithm is 

built on the coding interface of the image rendering software, Imaris 

(https://imaris.oxinst.com). The procedures, from applying classifiers to obtaining 

statistics, are executed in the GUI of Imaris. Although the workflow cannot be fully 

automated through the Imaris coding interface, it can be automated through recording 
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applications such as OS Automator (https://support.apple.com/guide/automator/intro-to-

automator-aut6e8156d85/mac). The second algorithm (available on GitHub: 

https://github.com/YuqiTianCIVM/NeuronCounting/blob/main/ MainAlgor%20-

%20multiRegions.py) provides an automated workflow constructed using Python and 

macros. This method utilizes Fiji macro-GUIs to automate segmentation, 3D watershed, 

and region counting plugins. The watershed uses morphological erosion to identify the 

center of each object, followed by calculating a distance map from the object center 

points to the object edges. The resulting topological map is then filled with imaginary 

water, and dams are built at locations where two watersheds meet to separate them. 

The region counting method assigns unique labels to each unconnected component to 

facilitate subsequent counting. The plugin used for constructing the random forest model 

is Labkit (https://imagej.net/plugins/labkit/). The watershed method and the 3D 

connected region counting method in the first algorithm are available in Imaris. The 3D 

watershed and 3D connected region counting method in the second algorithm are the 

Fiji/binary/watershed function and from the open-source plugin MorphoLibj 

(http://imagej.net/MorphoLibJ).   

Pipeline for visualization 

The user identifies the structure to be analyzed and loads the surface defining that 

structure. A Python script generates a collection of 3D subvolumes that are randomly 

placed within the volume of the structure defined by the surface contours. Each counting 

subvolume is a user-defined (e.g. 100x100x100 m) cube. To avoid oversampling or 

undersampling in different regions and to accurately capture the heterogeneity, we 

typically analyze at least 15-30 subvolumes per brain region while keeping the number of 
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subvolumes consistent across regions. The codes then call "Labkit" in the Fuji extension. 

The GUI displays the sub-region's volume, and the user either imports a pre-trained 

classifier or starts labeling neurons and background with binary labels. Once a classifier 

has been trained, it can be saved for future use in other ROI or other specimens, with 

some limitations discussed below. The classification is then sent to Imaris. Imaris applies 

thresholding to the binary labels and generates individual surfaces based on the results. 

The watershed algorithm uses seed points to split touching surfaces. After approximating 

the size of neurons through visualization, the volume filter is applied, and the count is 

generated. 

Fiji pipeline for high throughput 

A Python script generates sub-regions inside the surface of the structure being 

analyzed and saves these sub volumes as individual TIFF files. The same Python script 

creates and executes a FIJI macro that reads the TIFF files in batches, applies the pre-

trained random forest classifier, and performs 3D watershed. Components in the resulting 

image are labeled with different colors using the FIJI function "connected components 

labeling" and saved as a TIFF file facilitating future review. The next section of the Python 

script reads these TIFF files in batches, applies volume filters, and generate counts of the 

components. The details of the volume filters are provided in the original paper’s 

Supplemental Section 2. 

3.3 Results 

3.3.1 Visualization of morphology correction 

Figure 23 displays the comparison between images from an uncorrected and 

deformation-corrected whole brain light sheet volume. Much of the existing literature for 
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stereology has employed optical light microscopy and confocal microscopy with higher 

resolution and smaller field of view than that in the whole brain LSM images. However, the 

deformation, which is dependent on the fixation and staining method, is likely to be similar 

to that presented in Figure 23A, C, E. The compensation of this deformation is usually 

done through the application of an isotropic correction factor, but this factor may be 

insufficient to fully address the nonuniform deformation arising from tissue processing. 

Figure 23B shows the LSM image with morphology correction by MRH, which significantly 

reduces the irregular distortion present in the raw LSM images. The magnified views of 

the posterior cerebrum (showing the auditory cortex and hippocampus (Figure 23D) and 

LGN (Figure 23F) illustrate the benefits of the morphology correction method in improving 

the quality of imaging data and segmentation label maps, compared to Figure 23C and 

Figure 23E. The Figure S4 in original paper’s supplemental materials illustrates the 

differences in neuron density between raw LSM and deformation corrected LSM for 6 brain 

regions. The smallest percent difference (calculated as the difference between raw and 

corrected density over the corrected density), observed in the primary visual cortex, is 7%, 

while the largest, observed in the subiculum, is 64%. These results demonstrate that 

deformation is not uniform throughout the brain. 
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Figure 23 Effect of morphology correction on light -sheet datasets. (A) A 
sagittal slice from a whole-brain LSM before correction. (B) The same slice as in (A) 
after correction using MRH. Magnified axial views of auditory areas and 
hippocampus before (C) and after (D) correction, and coronal views of the anterior 
temporal and posterior diencephalic region (showing the amygdaloid complex) 
before (E) and after (F) correction. The specimen is the same on both sides, and the 
colormap is used to illustrate the contrast between before and after correction.  

Figure 24 A,C,E displays the label-map CCFv3. Data for the ABA were obtained 

by averaging 2-photon microscopy images of 1,600 animals. The distortions from tissue 

handling are not consistent across all 1600 animals.  Wang et all report variability in the 

volume of the regions in their atlas ranging from 6 to 80% so tissue handling introduces 

variation (Wang, Ding et al. 2020). Figure 24 B,D,F displays the r1CCFv3 labels (see 

Appendix B) with morphology correction by MRH. The resulting corrected label map 

provides more accurate segmentation of brain regions.  
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Figure 24 Comparison of similar levels from the ABA (A,C,E) and a single 
specimen imaged by MRH (B,D,F). The colormaps are different because the ABA atlas 
is shown with the full complement of 461 (CCFv3) labels and the MRH is shown with 
the reduced (r1CCFv3) labels in which some ROI have been combined.  

3.3.2 Comparison of machine counting and human counting  

To assess the accuracy and precision of our workflow, we chose five brain regions 

with cell densities we determined would be countable: Dorsal part of the lateral geniculate 

complex (LGd), Auditory area (AUD), retrosplenial area (RSP), orbital area (Orb), and 

subicular region (SUBR).  We created 15-20 3D sub volumes for sampling within these 

regions with dimensions of 1000 um x 1000 um x 12 um (556 x 556 x 3 voxels) for 

visualization in Figure 25A and B, and 100um x 100um x 100um (56 x 56 x 25 voxels) for 

routine implementation of the workflow. The random forest classifier, trained on a random 

sub volume in the auditory cortex of a specimen not involved in the experiment, was 

applied automatically to identify the objects to be included. We randomly selected 10-15 
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sub volumes within the same datasets, and an experienced researcher manually counted 

the neurons within them by labeling neurons in sub volumes across 3-5 specimens. We 

compared the results of both methods and found that both manual counting and the 

machine had overall performance that was comparable (Figure 25A, B). A statistical 

comparison is shown in Figure 25C. 

 

Figure 25 Comparison of neuron density between manual counting and the 
machine workflow. Note that the labeling will  go through watershed to ensure the 
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connected surfaces are separated. Standard deviation is shown, representing 
statistical variations across five different 90 -day C57BL/6J specimens. 

3.3.3 Neuron counting in C57 mouse brain 

We demonstrated the use of the pipeline in counting neurons in 13 different brain 

regions across 7 specimens. We choose representative regions to demonstrate the 

capability of our workflow in neocortex, hippocampus, amygdala, thalamus, and 

brainstem.  These regions include (1) neocortex: orbital area (Orb), auditory area (AUD), 

retrosplenial area (RSP), primary visual area (VISp); (2) hippocampal region: entorhinal 

area (ENT), subicular region (SUBR), field CA1 (CA1), field CA3 (CA3); (3) amygdala: 

basolateral amygdalar nucleus (BLA); (4) thalamus: dorsal part of the lateral geniculate 

complex (LGd), and the entire thalamus (Th); (5) brainstem: facial motor nucleus (VII), 

principal sensory nucleus of the trigeminal (PSV). Initial measurements were performed 

on 5, 90-day old male C57BL/6J specimens and revealed that the neuron density in some 

regions (LGd, AUD, RSP, Orb) remains quite consistent across specimens, while there is 

a high standard deviation in others (PSV, VISp, TH, BLA) (Figure 26). The supplemental 

materials (see Figure S3 and Table S1 in original supplemental materials) present the 

comparison between the neuron density obtained from our workflow and previous studies. 
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Figure 26 Demonstrates the variation of neuron density (A) and neuron 
number (B) across brain regions, as well as variations across specimens. Error bars 
are standard deviations of the means. The dots indicate neuron counts from 
individual specimens. Region: LGd: Dorsal lateral geniculate nucleus, AUD: auditory 
area, RSP: retrosplenial area, Orb: orbital area,  SUBR: subiculum, VII: facial motor 
cortex, PSV: trigeminal, ENT: entorhinal area, CA1: field CA1, CA3: field CA3, VISp: 
primary cortex, TH: thalamus, BLA: Baso lateral amygdala.  

 

Table 8 The coefficient of variation of neuron quantification across animals  

Regions Neuron 
density 
(mean CV +/- 
SD) 

Neuron 
number 
(mean CV 
+/- SD) 

LGd 0.11 0.13 

AUD 0.08 0.08 

RSP 0.07 0.06 

Orb 0.09 0.07 

SUBR 0.10 0.09 

VII 0.33 0.35 

PSV 0.24 0.44 

ENT 0.15 0.13 

CA1 0.06 0.08 

CA3 0.09 0.07 

VISp 0.15 0.13 

TH 0.17 0.16 

BLA 0.30 0.27 
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To assess the variability of our measurements, we calculated the coefficient of 

variation (CV) for the density and number of neurons in several brain regions across 

different specimens (Table 8). The CV for neuron density ranged from 0.062 in CA1 to 

0.333 in VII, with an average of 0.139. The CV for neuron number ranged from 0.06 in 

CA1 to 0.44 in PSV, with an average of 0.17. These results indicate that there is 

considerable variation in neuron density and number across individual animals, even 

within the same brain region. Notably, the regions with the highest CV for neuron density 

and number were VII (0.333) and PSV (0.44), respectively. This is likely to be induced by 

the small sizes of these regions. The higher coefficient of variation for small regions may 

be due to minor displacements between the placement of individual delineations from the 

label map and the actual neuroanatomical structures, as discerned in LSM, especially for 

brainstem regions where deformation was significant. Conversely, the regions with the 

lowest CV for neuron density and number were CA1 (0.062), RSP (0.073), AUD (0.076), 

Orb (0.092), CA3 (0.091), and SUBR (0.097), respectively. These findings underscore the 

importance of accounting for inter-individual variability when analyzing neuronal 

parameters and highlight the need for careful consideration of sample size and statistical 

power in studies of brain structure. 

3.3.4 Illustration of aging effects on the neuron density and number 

Figure 27 presents a comparison between young (111 day) and old (687 day) 

BXD89 specimens to examine the impact of aging on neuron density. It is important to 

note that the standard deviation in Figure 27 reflects the heterogeneity of neuron 

distribution within each brain region, which was obtained by analyzing sub volumes. Our 

analysis revealed that in certain regions, such as the orbital area (Orb), the observed 
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decrease in neuron density was primarily due to a reduction in the total number of neurons, 

while in other regions such as the entorhinal area (ENT) and basolateral amygdala (BLA), 

the observed decrease in density was largely attributable to regional enlargement of the 

brain during aging. These findings underscore regional variation and the complexity of the 

aging process and highlight the need for careful consideration of volume and cellular 

number when studying brain development across the lifespan. 

 

Figure 27 Compares the neuron density and number in multiple brain regions 
of a young and an old BXD89 mouse, demonstrating the application of the workflow 
to a study of the impact of aging on neuronal populations in a different strain. The 
error bars in this figure represent the standard deviation of neuron distribution 
within each region, obtained from subvolumes.  

3.4 Discussion 

We present a workflow that corrects the deformation introduced by the chemical 

treatment of brain tissue for LSM and uses an automated algorithm for neuron 

segmentation and counting through machine learning and post-processing. To improve 

the accuracy of the results, we use the MRH of the same specimen as a reference for 

LSM image morphology, as MRH provides in-skull brain images that closely approximate 

in vivo brain images. Our method offers a reliable means of acquiring neuron number and 

density and requires less human labor and subjective judgement than previous methods. 
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It is also much easier to replicate across multiple brain regions and specimens. By 

correcting raw images and conducting region segmentation, our method provides 

improved estimates over previous counting methods. Furthermore, by incorporating the 

principles of optical fractionation, our workflow provides an unbiased sampling method 

with equal probability for each section, resulting in reduced computational costs and 

representing a novel digital approach that has not been explored before. 

To validate the method, we used the workflow to analyze 13 regions in different 

divisions of 5, 90-day C57BL/6J male specimens. The results, as shown in Figure 25 

(original figure 5), demonstrate the variability in neuron density across regions within the 

same animal and across animals for the same regions. In the supplemental materials, we 

conducted a systematic search of the literature providing neuron counts of the same 

regions for comparison with our method. As our method produces regional neuron density 

as its direct output, we assessed the accuracy of our results in terms of density. For most 

cortical regions, our findings were consistent with those of previous studies or fell within 

the range of previously reported results. However, in some regions, e.g., LGd, PSV, VISP, 

TH, and BLA, our results showed a higher neuron density than what was reported in earlier 

studies. This is likely due to our utilization of the morphology-corrected space for 

calculating neuron density. This space closely approximates the volume and morphology 

of the brain confined within the skull, which may have contributed to the observed 

differences in density measurements. In certain regions where our density measurements 

were markedly different from those reported in previous studies, such as the facial motor 

nucleus, we manually counted the sub-regions to validate the neuron distribution. Our 

findings indicated that the neuron distribution in this region was indeed sparse, with a 

density measurement about six times lower than that reported in the Blue Brain Map 
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(BBM) (Ero, Gewaltig et al. 2018). We hypothesize that this discrepancy may be due to 

differences in data quality or acquisition methods between studies. BBM estimated neuron 

counts using a transfer function and Monte Carlo method applied to the ABA Nissl atlas. 

The authors only used whole-brain values from literature, such as the total number of cells 

and neurons in the mouse brain, to constrain their estimates of cell densities in each brain 

region. Further investigation is required to elucidate the causes of the observed 

discrepancy. Nonetheless, our method, which directly measures regional neuron density, 

provides a reliable alternative to indirect methods such as those used by BBM, and can 

contribute to a better understanding of brain structure. 

Our method has two limitations. In those regions in which the cell density is so high 

that the resolution of the LSM is not sufficient to differentiate countable cells (e.g., dentate 

gyrus), the random forest classifier and watershed algorithms will fail. A second limitation 

is that performance is dependent on the quality of the raw data. In cases where the tissue 

preparation and scanning are suboptimal, the method will not function properly. Although 

the data provided by LifeCanvas, which we used for our study, is generally of high quality, 

there are occasionally regions with poor image quality, which can limit the method's 

reliability. Advanced imaging techniques such as expansion microscopy, as demonstrated 

by ((Wassie, Zhao et al. 2019) or acquisition with higher power objectives will address 

resolution questions and are likely to produce reliable and accurate counts of neurons 

using our workflow.  

The application of stereology to counting cells has a venerable history. As 

acquisition methods have improved the methods to count cells have been adapted to the 

newer data. The advent of tissue clearing and volume light sheet imaging yield 

opportunities for significant improvement in precision and accuracy. This is particularly 
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important in our studies of the mouse brain as we seek quantitative understanding in 

neurodegeneration and aging. Correction for tissue changes, use of a more accurate label 

set, and automation described in this work will provide crucial tools in quantitative 

neuropathology. 
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 4. Alzheimer's Disease (AD) phenotype study in AD-
BXD77 

In this chapter, we extend the application of previously discussed methods to 

analyze a neurologically relevant disease, highlighting the insights gained through MRH 

and morphologically corrected LSM. Specifically, we will investigate the meso-scale and 

micro-scale phenotypic manifestations of Alzheimer's Disease (AD) as revealed through 

a study utilizing the 5XFAD mouse model. Our exploration will cover meso-scale 

phenotypes, with a focus on structural tractography attributes including graph-theory-

based parameters derived from tractography adjacency matrices, and scalar metrics such 

as Fractional Anisotropy (FA) and Radial Diffusivity (RD), among others. Furthermore, our 

analysis will extend to micro-scale phenotypes, employing methods from Chapter 2 for in-

situ region delineation and Chapter 3 for quantification, to assess changes such as neuron 

density alterations and amyloid beta deposition. This comprehensive approach aims to 

elucidate the cytoarchitectural transformations that accompany AD, offering deeper insight 

into its pathophysiology. 

4.1 Introduction 

Alzheimer's disease (AD) stands as the leading cause of progressive dementia, 

marked by significant memory loss alongside neuropathological alterations, such as 

amyloid beta plaque formations, neurofibrillary tangles of tau protein, and extensive 

neuronal loss. This condition arises primarily due to the abnormal accumulation of 

proteins, most notably beta-amyloid, which aggregates into plaques around neurons in the 

brain. These plaques disrupt cell function by interfering with neuron-to-neuron signaling at 

synapses, contributing to cell death. The buildup of beta-amyloid is believed to initiate a 
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cascade of pathological events, including the formation of tau protein tangles inside 

neurons, inflammation, and oxidative stress, which further deteriorate brain function and 

lead to the symptoms observed in Alzheimer's disease (Paroni, Bisceglia et al. 2019) 

(Karran and De Strooper 2022). Highlighted by its prevalence, Alzheimer's disease has 

become a focal point of medical research due to its profound societal impact, substantial 

economic burden, lack of effective treatments, and the critical need for early detection 

methods to facilitate timely interventions (Yiannopoulou and Papageorgiou 2020). Despite 

extensive studies, the complex pathogenesis of AD remains poorly understood, 

emphasizing the need for in-depth research to understand its underlying mechanisms. 

 

In the clinical realm, conducting comprehensive and multifaceted analyses akin to 

those possible in animal studies is challenging due to cost, complexity, lack of genetic 

control and ethical constraints. The progression of clinical knowledge about AD 

significantly benefits from translational animal studies, though it's important to recognize 

the challenges in fully replicating human disease pathology in animal models. Such 

studies provide crucial insights but must be complemented by a broad spectrum of 

research approaches for a comprehensive understanding. Mouse models, particularly due 

to their human similarities, ease of handling, and the availability of sophisticated 

intervention and brain imaging techniques, have become indispensable in AD research 

(Hall and Roberson 2012). The 5xFAD mouse model, designed for Alzheimer's Disease 

(AD) research, carries five familial AD mutations that prompt early amyloid beta 

production, leading to rapid plaque formation and simulating AD pathology. This model is 

advantageous for its fast disease progression and comprehensive representation of AD 
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symptoms, including cognitive deficits and neuronal loss, making it ideal for early-stage 

intervention studies (Oblak, Lin et al. 2021) (Forner, Kawauchi et al. 2021). 

Note: Despite the advantages, the 5xFAD model's focus on amyloid pathology 

does not fully encapsulate the disease's complexity, such as tau accumulation 

(Barendrecht, Schreurs et al. 2023) and neuroinflammation (Tible, Liger et al. 2019), nor 

does it mirror the slow progression typical in human AD cases (Chen, Ma et al. 2022). 

While valuable, its aggressive pathology necessitates supplementary research strategies 

to capture the multifaceted nature of AD and develop holistic treatments. 

Previous research efforts have sought to analyze AD at both the mesoscale, 

focusing on diffusion and structural changes (Kesler, Acton et al. 2018, Kotlarz, Nino et 

al. 2022) (Falangola, Nie et al. 2021) (Lin, Frigerio et al. 2022), and the microscale, 

examining aspects such as amyloid beta levels (Bader, Gnadig et al. 2023), neuron count 

(Wirths and Bayer 2010) (Ganz, Fainstein et al. 2022), and cholinergic cells (Falangola, 

Nie et al. 2021, Lin, Frigerio et al. 2022), as well as through combined approaches 

(Falangola, Nie et al. 2021) (Lin, Frigerio et al. 2022). However, the current studies have 

their limitations. Given that the accuracy of tractography and connectome is influenced by 

voxel resolution, studies at the mesoscale frequently encounter challenges due to the low 

spatial and angular resolution of MRI data (e.g. 250 x 250 x 500 𝜇𝑚3 and 20 diffusion 

directions in (Kesler, Acton et al. 2018), 117 x 117 x 700 𝜇𝑚3 in (Kotlarz, Nino et al. 2022)). 

Microscale studies typically restrict their focus to specific areas like the hippocampus to 

ease histological quantification (Wirths and Bayer 2010) (Ganz, Fainstein et al. 2022), 

which limits the comprehensiveness of these investigations. As noted in Chapter 3, it is 

common for researchers to derive the data from the raw histologic microscopy images or 
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align their histological data with the ex vivo Allen Brain Atlas (ABA), potentially 

misrepresenting the brain's morphology as it exists within the skull. 

We conducted an extensive examination of both mesoscale and microscale 

phenotypes of AD using the 5XFAD mouse model. Our mesoscale analysis benefits from 

data obtained at high spatial and angular resolutions, yielding highly accurate 

tractography. For microscale analysis, we employ Light Sheet Microscopy (LSM) data, 

initially aligning it with the MRH standard for morphology, followed by a streamlined and 

efficient quantification process. 

4.2 Methods 

Strain and specimen information 

The BXD strains are a set of well-characterized recombinant inbred mouse strains, 

making them a valuable tool for systems genetics studies (Ashbrook, Arends et al. 2021). 

Among BXD strains, strain BXD77 was selected due to its well-characterized genetic 

background, heightened susceptibility to amyloid beta development, notable behavioral 

alterations (e.g. impaired contextual fear memory), and a relatively high genetic risk score 

(Neuner, Heuer et al. 2019). The 5xFAD transgene refers to a genetic construct used to 

create a mouse model of Alzheimer's disease (AD) that expresses five familial AD 

mutations within the human amyloid precursor protein (APP) and presenilin 1 (PSEN1) 

genes. These mutations are specifically engineered to mimic the genetic conditions that 

lead to early-onset Alzheimer’s disease in humans. The inclusion of these mutations 

results in a model that rapidly develops amyloid pathology, including significant Amyloid 

beta plaque formation, gliosis, and behavioral impairments associated with AD (Oblak, Lin 

et al. 2021) (Forner, Kawauchi et al. 2021).  
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The 5XFAD-BXD77 strain represents the first-generation offspring generated by 

mating C57BL/6J-congenic females hemizygous for the 5xFAD transgene with BXD 77 

males.  

We utilized a total of 16 specimens, consisting of 9 transgenic mice with the 

remaining 7 specimens serving as controls with the BXD77 strain. The sex and age of the 

mice are detailed in Table 9. 

Table 9 Specimen information in AD study  

Specimen ID Sex AD Strain/Age 
220114-1:1 F Transgenic BXD77/416 d 

220114-2:1 F Non-transgenic BXD77/416 d 

220114-3:1 M Non-transgenic BXD77/416 d 

220114-4:1 M Transgenic BXD77/416 d 
220114-8:1 F Transgenic BXD77/432 d 

220114-9:1 M Transgenic BXD77/432 d 

220114-10:1 F Transgenic BXD77/443 d 
220114-11:1 F Non-transgenic BXD77/459 d 

220114-12:1 M Non-transgenic BXD77/440 d 

220114-13:1 M Transgenic BXD77/440 d 

220114-18:1 F Transgenic BXD77/459 d 
220114-19:1 M Non-transgenic BXD77/446 d 

220114-20:1 M Non-transgenic BXD77/494 d 

220114-21:1 F Transgenic BXD77/480 d 
220114-22:1 M Non-transgenic BXD77/480 d 

220114-23:1 M Transgenic BXD77/480 d 

MRI acquisition 

All animal procedures were carried out in accordance with guidelines approved by 

the Duke Institutional Animal Care and Use Committee. Specimens were perfusion-fixed 

using an active staining method as previously described (Johnson, Wang et al. 2019). 

Briefly, warm saline was perfused through a catheter in the left ventricle to exsanguinate, 

followed by a mixture of 10% buffered formalin and 10% Prohance (Gadoteridol) to reduce 

the spin lattice relaxation time (T1) of the tissue for accelerated scanning. MRH scanning 
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was performed on a 9.4 T vertical bore magnet with a Resonance Research, Inc., gradient 

coil yielding peak gradients up to 2500 mT/m, controlled by an Agilent console running 

VnmrJ 4.0. The MRH scanning was performed using a Stesjkal Tanner spin echo 

sequence with b values of 3000 s/mm2 and 60 angular samples spaced uniformly on the 

unit sphere. A compression factor of 8X was used, resulting in a large (18 GB) 4D volume 

with isotropic resolution of 25 um (Johnson, Tian et al. 2023).  

Brain region segmentation  

The label map in this study is based on a modified version of the Common 

Coordinate Frame (CCFv3) (Johnson, Tian et al. 2023) from ABA (Wang, Ding et al. 2020) 

after the registration to the space of MRH. The CCFv3 atlas includes 461 carefully curated 

regions of interest (ROIs). Our workflow relies on an initial mapping of labels from our 

canonical MRH atlas of a 90-day male C57BL/6J mouse to the MRH of the specimen 

under study using a pipeline built around Advanced Normalization Tools ( ANTs ) 

(Anderson, Cook et al. 2019) (Avants, Epstein et al. 2008). Many of the CCFv3 ROIs are 

less than 1 mm3, including numerous subdivisions of cortical areas (laminae) and 

subcortical structures (subnuclei) that will not register accurately resulting in a confound 

to the study.  Accordingly, we reduced the label set to 360 (180 per hemisphere) gray 

matter and white matter structures and regions. Thus, this modified atlas, which we refer 

to as the reduced CCFv3 (r1CCFv3), consolidates these smaller subregions in CCFv3. 

The r1CCFv3 provides a label set those registers to the MRH volumes reproducibly 

enabling precise neuron counting and analysis within many structures and regions. The 

details of this registration process are described in (Johnson, Tian et al. 2022, Johnson 

GA 2023). 



 

 

106 

Light sheet imaging  

Following the MRH scans, the brains were carefully removed from the skulls. 

Formalin-fixed samples were preserved using SHIELD reagents (LifeCanvas 

Technologies) using the manufacturer's instructions (Park, Sohn et al. 2019). Samples 

were delipidated using Clear+ delipidation reagents. Following delipidation samples were 

labeled using eFLASH technology which integrates stochastic electro-transport (Kim, Cho 

et al. 2015) and SWITCH (Murray, Cho et al. 2015). The samples were then washed in 

PBS for 7-8h before overnight fixation in 4% paraformaldehyde followed by incubation in 

secondary labeling buffer at 37℃  with two refreshes over the course of 7-8h before 

secondary labeling in the SmartLabel device. For each brain, 10 µg of rabbit anti-Iba1 

(Cell Signaling Technologies 17198S*) primary antibody, 10 µg mouse anti-NeuN (Encor 

MCA-1B7), 6 µg rabbit anti-NeuN (Cell Signaling Technologies 24307S*), or 20 µg mouse  

anti-MBP (Encor MCA-7G7). Secondary antibodies were used at a 2:1 Secondary: 

Primary molar ratio. After immunolabeling, samples were incubated in 50% EasyIndex (RI 

= 1.52, LifeCanvas Technologies) overnight at 37℃ followed by 1 d incubation in 100% 

EasyIndex for refractive index matching. After index matching the samples were imaged 

using a SmartSPIM axially swept light sheet microscope using a 3.6x (0.2 NA) (LifeCanvas 

Technologies, Cambridge, MA).   

Tractography acquisition 

The tractography data were generated using DSI-Studio, utilizing the following 

specific parameters: a Tracking Threshold of 0.1, an Angular Threshold of 45 degrees, 

and a Step Size of 0.01mm. The tracking process is set to terminate upon reaching 

2,000,000 seeds, with the minimum tract length set at 0.1mm and the maximum at 10mm.  
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Connectome and scalar acquisition 

For the connectome, data were extracted directly from DSI-Studio under the 

'Tracts' section, providing a detailed network map of brain connections. Scalar metrics, 

including Fractional Anisotropy (FA), Radial Diffusivity (RD), Mean Diffusivity (MD), and 

Axial Diffusivity (AD), were exported from DSI-Studio through the 'Export' function. These 

scalar values offer crucial insights into the microstructural integrity of neural tissues, 

complementing the connectome data by providing additional layers of analysis for 

understanding brain connectivity and structure.  

Graph theory-related parameters (Yeh, Jones et al. 2021), such as clustering 

coefficient and global efficiency, are key metrics derived from connectomes to 

quantitatively describe the complex network characteristics of the brain. These parameters 

provide insights into the structural and functional organization of neural networks. Below 

we provide the equations of exemplar parameters.  

1. Clustering Coefficient reflects the degree to which nodes in a network tend to 

cluster together, indicating local connectivity. For a given node i, the clustering coefficient 

𝐶𝑖  is calculated as: 

𝐶𝑖  =
2𝑇𝑖

𝑘𝑖(𝑘𝑖   −  1)
 

where Ti is the number of triangles connected to node i and ki is the degree of node i, i.e., 

the number of edges connected to node i.  

The equation of clustering efficiency can also be written as  

𝐶𝑖 =  
# 𝑜𝑓 𝑐𝑙𝑜𝑠𝑒𝑑 𝑡𝑟𝑖𝑎𝑛𝑔𝑙𝑒𝑠

# 𝑜𝑓 𝑝𝑜𝑡𝑒𝑛𝑡𝑖𝑎𝑙 𝑡𝑟𝑖𝑎𝑛𝑔𝑙𝑒𝑠
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It’s a local measure specific to each node, quantifying the degree to which nodes in a 

network tend to cluster together, but can be taken average across nodes to provide a 

general measure of the interconnectivity, which corresponds to Figure 28 A. The network's 

average clustering coefficient effectively encapsulates its general tendency to cluster, 

providing an integral overview of its structural coherence. 

2. Network Characteristic Path Length is the average shortest path length 

between all pairs of nodes in the network, which indicates the network's overall 

navigability.  

3. Global Efficiency measures the efficiency of information transfer in the network 

and is defined as the average inverse shortest path length in the network. For a network 

with nodes i and j, the global efficiency 𝐸𝑔𝑙𝑜𝑏 is calculated as: 

𝐸𝑔𝑙𝑜𝑏  =
1

𝑁(𝑁 − 1)
∑

1

𝑑𝑖𝑗
𝑖≠ 𝑗 ∈ 𝑁

  

where N is the total number of nodes in the network, and d ij is the shortest path length 

between nodes i and j. High global efficiency indicates a highly integrated network with 

efficient information transfer. 

4. Small-worldness index 𝜎 compares the network's clustering coefficient and 

path length to those of an equivalent random network.  

𝜎 =
   

𝐶
𝐶𝑟𝑎𝑛𝑑𝑜𝑚

   

𝐿
𝐿𝑟𝑎𝑛𝑑𝑜𝑚

 

where C and L are the clustering coefficient and average path length of the network. 

𝐶𝑟𝑎𝑛𝑑𝑜𝑚  𝑎𝑛𝑑 𝐿𝑟𝑎𝑛𝑑𝑜𝑚 are the average clustering coefficient and path length of a random 

network with the same number of nodes and edges. A network is considered to have 
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small-world properties if 𝜎 > 1  (indicating it combines high clustering with short path 

lengths, which is typical of small-world networks), comparable with a random graph if 𝜎 ≈

1, and might be considered less efficient than a random graph if 𝜎 < 1 in a specific context 

than a random graph, especially in terms of balancing clustering and path length.  

5. (Local) Degree 

The degree of a node in a network represents the number of connections (or 

edges) it has with other nodes. In the context of brain networks, the degree of a region 

indicates how many other regions it is directly connected to via white matter tracts. 

The degree ki of node i is calculated as: 

   𝑘𝑖  = ∑ 𝐴𝑖𝑗

𝑗

  

where Aij is the adjacency matrix of the network, with Aij = 1 if there is an edge between 

nodes i and j, and Aij = 0 otherwise.  

 

6. (Local) Weighted Strength 

Weighted strength is a generalization of the degree concept for weighted networks, 

where each connection has a certain strength (or weight) instead of just being present or 

absent. It measures the sum of the weights of all edges connected to a node, providing 

insight into both the connectivity and the intensity of these connections. 

The weighted strength si of node i is given by: 

𝑠𝑖  = ∑ 𝑤𝑖𝑗

𝑗

  

where 𝑤𝑖𝑗 represents the weight of the edge between nodes i, j. 

7. (Local) Local Efficiency 
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Local efficiency is a measure of how well information is exchanged by the 

neighbors of a node when that node is removed. It reflects the network's fault tolerance 

i.e. compensation mechanism, indicating how well each subnetwork communicates in the 

absence of a node. The higher the local efficiency is, the more connected the neighbors 

are, and the more redundant this node is.  

The local efficiency 𝐸𝑙𝑜𝑐 of a network is the average efficiency of all subgraphs 

formed by the neighbors of each node, defined as: 

𝐸𝑙𝑜𝑐(𝑖) =

1
2

∑
1

𝑑𝑗ℎ
𝑗,ℎ∈ 𝑁𝑖

𝐶𝑘𝑖

2 =
1

𝑘𝑖(𝑘𝑖  −  1)
 ∑

1

𝑑𝑗ℎ
𝑗,ℎ∈ 𝑁𝑖

 

where Ni is the set of neighbors of node i, ki is the number of neighbors, and 𝑑𝑗ℎ is the 

shortest path length between nodes j and h in the subgraph of N i, 𝐶𝑘𝑖

2  is the number of 

neighbor pairs.  

8. (Local) Eigenvector Centrality  

Eigenvector centrality is a measure of the influence of a node in a network. It 

considers not only how many connections a node has but also how central those 

connected nodes are. A node with a few connections to very central nodes can be more 

influential than one with many connections to peripheral nodes. 

If x is the vector of eigenvector centralities for all nodes and A is the adjacency 

matrix of the network, then for each node i: 

𝜆 𝑥𝑖  = ∑ 𝐴𝑖𝑗  

𝑗

 𝑥𝑗 
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where 𝜆 is the largest eigenvalue of A, and xi is the centrality of node i. Solving this 

equation gives the centrality scores, with higher values indicating higher influence within 

the network. 

Light sheet image registration 

To reconstitute the morphology of light sheet imaging data to match the in vivo 

status within the skull, the full-resolution light sheet datasets (1.8 x 1.8 x 4 𝜇𝑚3) were 

aligned with MRI data using the registration method outlined in (Tian, Cook et al. 2022) 

and Chapter 2.  

Region of interest selection 

The 13 regions of interest (ORB, SSP, SSs, AUD, RSP, VIS, ENT, SUBR, CA1, 

CA3, BLA, TH, LGd) selected from the cortex, hippocampus, and neocortex play a crucial 

role in brain function. These areas, encompassing Orbital Cortex, Somatosensory Primary 

Cortex, Somatosensory Supplemental Cortex, Auditory Cortex, Retrosplenial Cortex, 

Visual Cortex, Entorhinal Cortex, Subiculum, CA1 Region of the Hippocampus, CA3 

Region of the Hippocampus, Basolateral Amygdala, Thalamus, Dorsal Lateral Geniculate 

Nucleus, are integral to various cognitive and sensory processes. 

Microscale phenotype quantification 

The algorithms used in this study are available on GitHub (neuron counting: 

https://github.com/YuqiTianCIVM/AD_study, the amyloid beta load calculation: 

https://github.com/YuqiTianCIVM/AD_study). The algorithm identifies multiple regions of 

interest simultaneously based on user input and then samples subvolumes according to 

user-defined specifications, saving them as a group of TIFF files. This method has been 

cast into a digital work stream and modified based on the optical fractioner approach to 
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reduce the data storage and calculation time while ensuring low bias (Details in (Tian, 

Johnson et al. 2023) and Chapter 3).  

Neuron and amyloid plaque segmentation were performed in 3D using a random 

forest classification. The random forest classifier was chosen for its effectiveness and 

flexibility in segmentation tasks even with limited training data. Our previous study has 

shown a F1 score (F1 = 2 * (Precision * Recall) / (Precision + Recall)) test with different 

number of labelled nuclei for training and it shows 20 nuclei are enough to yield a F1 > 

0.9. A moderate amount of training data is input to train the classifier, which is then used 

by the algorithm to segment each subvolume and generate segmented binary masks, 

which are saved as TIFF files. 

For neuron counting, these binary masks passed through watershed segmentation 

and counting to determine the number of neurons. For amyloid plaque load calculation, 

the masks derived from the same segmentation criterion across specimens were summed, 

and the voxel count was divided by the total voxel count of the subvolume to calculate the 

load. 

Integrative study 

In our study, we test several hypotheses:  

1. That there is a relationship between amyloid beta accumulation in a specific 

region and a reduction in neuron density and alterations in diffusion scalar metrics. 

2. That for local measurements, if there is any relationship between changes in 

local connectivity, diffusion scalar measurements, alterations at the neuron level, and 

fluctuations in Amyloid beta levels. 
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To achieve this, we will perform a comprehensive correlation analysis that includes 

scalar diffusion metrics, tractography-based graph theory parameters, and microscale 

phenotypic data.  

4.3 Results 

Global connectivity 

 

Figure 28 Graph Theory Parameter Comparison Between Transgenic and Non-
Transgenic Samples (Including IDs: 220114-1_1, 220114-2_1, 220114-3_1, 220114-
4_1, 220114-8_1, 220114-9_1, 220114-10_1, 220114-11_1, 220114-12_1, 220114-
13_1, 220114-19_1, 220114-20_1, 220114-21_1, 220114-22_1, 220114-23_1;  
Excluding 220114-18_1 Due to Outlier Status). A two-tailed t-test assesses 
differences in graph theory parameters between the groups, with a p -value below 
0.01 (**) indicating significant differences.   

The graph theory parameters were derived using DSI Studio, employing binary 

measures. This approach thresholds the connectivity matrix based on a track count 

proportional to the maximum count observed within the matrix, thereby converting it into 

a binary format. For instance, if the highest track count in the connectivity matrix is 100,000 

and a threshold of 0.01 is applied, then any entry with a track count of 1,000 or more is 

assigned a value of 1, while entries with fewer tracks are set to 0. This thresholding 

process is a standard procedure in DSI Studio and was consistently applied across our 
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analyses. Figure 28 illustrates a comparison of graph theory metrics between non-

transgenic (nTg) and transgenic (Tg) groups. We observed a notable increase in the 

average path length and a decrease in global efficiency within the Tg network, that is, the 

average number of steps required for information to traverse between nodes has 

increased, suggesting a potential reduction in information transfer efficiency. Furthermore, 

the observed decrease in the average clustering coefficient indicates diminished clustering 

and interconnectivity in the Tg group. 

Both groups exhibited small-worldness indices below 1, implying that the networks 

of both groups lack small-world properties. This might suggest a relative inefficiency 

compared to a random graph, particularly concerning the balance between clustering and 

path length. Additionally, the small-worldness index in the Tg group shows a further 

decline when compared to the nTg group, potentially highlighting greater network 

disruption in the transgenic mice. The change of small-worldness is consistent with the 

increase of characterized path length and the decline in averaged clustering coefficient in 

Tg group. 
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Scalar diffusion metrics  

 

Figure 29 Scalar Metrics Comparison Including DWI, Anisotropy, and 
Diffusion Parameters.   

From Figure 29, we can see across representative regions, the scalar metrics 

exhibit considerable similarity. Notably, there are differences in Fractional Anisotropy (FA) 

and normalized-quantitative anisotropy (nqa) measurements in the Basolateral Amygdala 

(BLA) region. For most of the reported regions, we observe unsignificant increase of 

diffusivity, and unsignificant decrease of FA, which is consistent with clinical reports and 

understandable. Because of the changes in cell skeleton in AD, diffusivity tends to 

increase, and with the myelin loss in AD, diffusivity tends to be isotropic, and thus FA 

decreases (Weston, Simpson et al. 2015). A note here is that we observe significant 

diffusivity changes in other regions but not for the major regions reported here.    

Specific region 

Upon examining the volumes, neuron density and Amyloid distribution across 

various brain regions, we selected two areas of particular interest to demonstrate our 
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platform: The Somatosensory Cortex (SSp) and the CA1/CA3. Utilizing our standardized 

approach, we conducted focused analyses on these specific regions. We present notable 

observations from the Somatosensory Cortex and the CA1/CA3 region of the 

hippocampus, underscoring the effectiveness of our methodology in isolating and 

analyzing key areas of interest.  

Somatosensory Cortex:  

This region of the brain is responsible for processing sensory information from the body, 

including touch, pain, temperature, and proprioception. It plays a crucial role in integrating 

sensory information to form perceptions of the environment and bodily states. In 

Alzheimer's disease research, the somatosensory cortex holds particular interest due to 

early symptoms often manifesting as sensory processing deficits. (Zhang, Zhang et al. 

2023) highlight these sensory impairments, indicating their potential as behavioral 

biomarkers and their contribution to disease progression. However, the research in this 

domain is not extensive, leaving open questions regarding whether changes in this region 

correlate with individual differences. This gap underscores the necessity for further 

investigation into the somatosensory cortex's role in Alzheimer's disease, as emphasized 

by (Wiesman, Mundorf et al. 2021).  
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Figure 30 Alterations in the Somatosensory Cortex Across Transgenic and 
Non-Transgenic Mice. Panel  A depicts graph theory-based connectivity parameters, 
revealing a reduced number of connections (degree) to the target region in 
transgenic (Tg) mice, alongside a decline in connection strength (edge strength) 
from the target region to others.  Panel B compares scalar metrics such as Fractional  
Anisotropy (FA), Radial Diffusivity (RD), Mean Diffusivity (MD), Axial Diffusivity (AD),  
and normalized-quantitative anisotropy (nqa), highlighting a decrease in FA and nqa 
in Tg mice, whereas AD, MD, and RD exhibit an increase. Panel C focuses on the 
reduction in neuron density , the volumetric expansion observed in Tg specimens ,  
the decrease in neuron numbers, calculated by multiplying the density (as directly 
obtained from the method outlined in  (Tian, Johnson et al. 2023)) by the volume, 
and demonstrates a significant increase in amyloid -beta levels in Tg animals,  
underscoring the pathological changes within the region.  

As shown in Figure 30 Panel A, in this specific region, a consistent fiber loss (i.e., 

a decrease in degrees) was observed in both transgenic (Tg) and non-transgenic (nTg) 

mice. The connectome analysis highlights a notable decrease in both the degree of 

connectivity and edge strength, quantitatively substantiating the reduced connectivity 

within the transgenic somatosensory cortex. Despite the reductions in degree and edge 

strength, the local efficiency remains comparable, indicating that the clustering and 
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interconnectivity within this region maintain a similar level in both Tg and nTg groups. 

While the eigenvector centrality is lower in the Tg group, the difference is not statistically 

significant when compared to the nTg group, suggesting that the influence of individual 

nodes on the network's information flow is subtly affected. 

Panel C further shows the transgenic mice demonstrate a marked decrease in 

neuron density alongside volumetric expansion in the targeted region. This is 

accompanied by a significant accumulation of amyloid-beta, highlighting the pathological 

alterations linked to the disease's advancement in this area. The convergence of these 

factors—reduced neuron density, brain tissue expansion, and amyloid deposition—

underscores the neurodegenerative processes characterizing the transgenic group's 

condition. 

CA1 & CA3: 

The region of the hippocampus is essential in memory formation and retrieval. In 

Alzheimer's disease, the hippocampus is one of the first regions to suffer damage, leading 

to the memory loss that is often the earliest symptom of the disease. Since we are using 

~400-day old animals in both transgenic and non-transgenic group, it’s important to note 

that aging also plays a role in Tg and nTg.  
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Figure 31 Comparative Analysis of Parameters in CA1 and CA3 Regions. Panels 
A (CA1) and B (CA3) provide a quantitative comparison between transgenic (Tg) and 
non-transgenic (nTg) subjects across various metrics, including connectivity, scalar 
values, and cellular-level data, highlighting differences in these specific 
hippocampal areas.   

Clearly, as depicted in Figure 31, panels A (CA1) and B (CA3), the observed 

patterns diverge from those noted in the somatosensory cortex (SSp), as shown in Figure 

30. However, the patterns within CA1 and CA3 regions themselves exhibit remarkable 

similarities. It is observed that both regions exhibit reductions in local degrees and local 

efficiency in transgenic (Tg) compared to non-transgenic (nTg) mice, alongside an 

increase in eigenvector centrality. This increase in eigenvector centrality suggests a 
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reorganization of connectivity within Tg mice, where certain nodes become more central 

or influential in the network, possibly compensating for the reduced overall connectivity. 

This phenomenon (i.e. the decreased degree, increased eigenvector centrality) could 

indicate that despite a decrease in the number of connections, those that remain or are 

formed new may hold more critical roles in maintaining network integrity. 

 

Interestingly, as the degrees decrease in both CA1 and CA3, the comparison of 

weighted edge weights between Tg and nTg mice shows no significant differences, 

implying that the strength of significant fiber connections might increase to offset the 

diminished connectivity. This compensation could be an adaptive response to maintain 

functional integration across the brain regions affected by pathological changes. 

 

Contrastingly, local scalar data do not exhibit significant alterations, suggesting 

that the changes in fiber architecture may be too subtle to affect measures of anisotropy 

and diffusion significantly. This finding indicates that while structural network changes are 

evident, they do not necessarily translate to detectable changes in scalar diffusion metrics 

at the observed scale. 

 

Furthermore, a decrease in neuron density and an increase in amyloid beta 

percentage in Tg mice underscore the microscale pathological alterations associated with 

disease progression. These changes highlight the intricate relationship between structural 

network modifications and their underlying neuropathological drivers, revealing the 

complexity of compensatory mechanisms in the face of neurodegeneration.  
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Whole brain microscale phenotypic data 

 

Figure 32 Cellular Responses to Alzheimer's Disease Across Various Brain 
Regions, highlighting Neuron Density, Number,  and Amyloid Beta Load. Panel A 
displays neuron density across 13 representative brain regions, with each 
specimen's data represented by circles.  The blue bars indicate the average neuron 
density for the transgenic group (exhibiting AD phenotype), whereas the gray bars 
represent the averages for the non-transgenic group. Panel B focuses on the volume 
comparison obtained from MRH. Panel C examines the Amyloid beta load, comparing 
transgenic and non-transgenic groups collectively. This analysis reveals the extent 
of amyloid pathology within and among different groups. Panel D explores the 
relationship between the increase in Amyloid beta load in transgenic mice compared 
to non-transgenic mice and the corresponding decrease in neuron density through 
linear regression, which suggests that different  brain regions may exhibit varied 
responses to the pathological processes of AD.   

Figure 32 illustrates the comparison between transgenic (Tg) and non-transgenic 

(nTg) groups in terms of neuron density, volume, neuron number, and Amyloid beta load. 

The disparities in neuron density across various regions are notably inconsistent, with 
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significant differences observed in certain cortical and hippocampal areas such as the 

Orbital area (ORB), Primary Somatosensory Cortex (SSp), Secondary Somatosensory 

Cortex (SSs), Entorhinal Cortex (ENT), CA1, and CA3. Panel B offers a direct comparison 

of volumes among the groups, revealing the significant volume expansion in the SSp, VIS, 

SUBR, CA1, CA3, and BLA regions in the Tg group, alongside notable volume reduction 

in the thalamus (TH). 

Regarding Amyloid beta, as shown in Panel C, there is a general trend of increased 

plaque accumulation in regions among the Tg group. Panel D reveals the positive 

correlation between the increase in Amyloid beta load in Tg mice relative to nTg and the 

decrease in neuron density in Tg mice compared to nTg. 

Whole brain sex-related microscale data 

Note: This section presents an exploratory analysis rather than one based on a 

robust dataset. It includes 5 female transgenic (F, Tg), 2 female non-transgenic (F, nTg), 

4 male transgenic (M, Tg), and 5 male non-transgenic (M, nTg) samples. We should 

interpret this section with caution because of the uneven distribution of the groups. 
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Figure 33 Comprehensive Whole-Brain Analysis of Sex-Related Microscale 
Differences in Neuronal Density. This figure compares four groups: female 
transgenic (F, Tg), female non-transgenic (F, nTg), male transgenic (M, Tg), and male 
non-transgenic (M, nTg). P-values are distinctly marked in red for males and blue 
for females. Blue arrows highlight the differential responses observed between the 
female and male groups.  

 

 

Figure 34 Sex-Related Microscale Variations in Brain Volume.  
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Figure 35 Sex-Related Microscale Variations in Amyloid Beta Levels.  

 

Figure 33 highlights that male transgenic (Tg) subjects exhibit significant neuronal 

density reduction in the ORB, SSP, and SSS regions, whereas female Tg subjects show 

significant neuronal loss in ENT, CA1, and CA3. The disparities in affected regions, 

indicated by blue arrows, suggest distinct responses to AD between sexes, potentially 

manifesting in different brain regions. Figure 34 illustrates the influence of AD on brain 

volume in both sexes, where the direction of impact is consistent across genders, but the 

significance level varies. Figure 35 compares amyloid-beta levels between females and 

males, indicating a significant overall increase in amyloid beta load for both sexes. 

This research section could be significantly enhanced by acquiring additional 

samples to address the current skewed distribution of female/male participants, an aspect 

we plan to include in future work. It's important to note that the analysis presented here is 

intended for exploratory purposes.  
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Figure 36 Supplemental: Comparison of Amyloid beta in Tg and nTg. (A) 
Whole brain distribution. Left: Tg,  Specimen: 220114-1:1, Right: nTg, Specimen: 
220114-19:1. (B) Local distribution in cortex. (C) Local distribution in Hippocampus. 
Yellow colormap represents Tg, and red represents nTg.   
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5 Conclusion  

The methodologies outlined in this discussion for integrating Magnetic Resonance 

Histology (MRH) with Light Sheet Microscopy (LSM) offer a sophisticated approach to 

disease analysis that extends beyond merely combining the capabilities of MRH and LSM. 

This innovative method can 1. accurately process full-resolution LSM images within 10 

hours with minimal error, 2. rapidly quantify target particles across multiple brain regions 

in just a few minutes, and 3. ensure that regional quantification occurs within the context 

of in situ brain morphology and segmentation.  

Consequently, the analysis of disease pathology across numerous specimens can 

be significantly streamlined. Leveraging the advancements in high spatial and angular 

resolution MRH, alongside the enhancements in tissue clearing and staining techniques 

for LSM, these methods are poised for widespread application in future research 

endeavors. This integrated approach not only promises to refine our understanding of 

disease mechanisms but also accelerates the pace of discovery in the neuroscientific field. 
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Appendix A: animal strains 

Strain Name Appear

ance 

Genotype Description 

C57/BL Chapter 

2, 3 

Wild type Commonly used inbred mouse strain, serves as a 

control with a standard genetic background. 

5xFAD-BXD89 Chapter 

2, 3 

Aging A recombinant inbred strain used to study aging 

due to its genetic predisposition to age-related 

traits. 

5xFAD-BXD77 Chapter 

4 

AD 

genotype 

A genetically modified strain carrying mutations 

associated with Alzheimer's Disease, used for AD 

research. 
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Appendix B: RCCF labelmap 

# ROI acronym name 

# Current value magic separator character 

for use as color table 

 

0   

1 CH Cerebrum 

2 grey Basic cell groups and regions 

3 OB Olfactory bulb 

4 AON Anterior olfactory nucleus 

5 FRP Frontal pole 

6 ORB Orbital area 

7 PL Prelimbic area 

8 ILA Infralimbic area 

9 ACA Anterior cingulate area 

10 AI Agranular insular area 

11 GU Gustatory areas 

12 PIR Piriform area 

13 VISC Visceral area 

14 MOp Primary motor area 

15 MOs Secondary motor area 

16 SSp Primary somatosensory area 

17 SSp-bfd Primary somatosensory area 

18 SSs Supplemental somatosensory area 

19 PTLp Posterior parietal association areas 

20 AUD Auditory areas 

21 TEa Temporal association areas 

22 ECT Ectorhinal area 

23 PERI Perirhinal area 

24 RSP Retrosplenial area 

25 VIS Visual areas 

26 VISp Primary visual area 

27 ENT Entorhinal area 

28 SUBR Subicular region 

29 HI Hippocampus 

30 HIP Hippocampal region 

31 CA1 Field CA1 

32 CA3 Field CA3 

33 DG Dentate gyrus 

34 DG-sg Dentate gyrus 

35 DG-po Dentate gyrus 

36 CLA Claustrum 

37 CEA Central amygdalar nucleus 

38 sAMY Striatum-like amygdalar nuclei 
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39 MEA Medial amygdalar nucleus 

40 LA Lateral amygdalar nucleus 

41 BLA Basolateral amygdalar nucleus 

42 BMA Basomedial amygdalar nucleus 

43 PA Posterior amygdalar nucleus 

44 COAz Cortical amygdalar zones 

45 EP Endopiriform nucleus 

46 STR Striatum 

47 STRd Striatum dorsal region 

48 ACB Nucleus accumbens 

49 FS Fundus of striatum 

50 OT Olfactory tubercle 

51 GPe Globus pallidus 

52 GPi Globus pallidus 

53 SI Substantia innominata 

54 MSC Medial septal complex 

55 LS Lateral septal nucleus 

56 BST Bed nuclei of the stria terminalis 

57 MA Magnocellular nucleus _Meynert_ 

58 TH Thalamus 

59 AM Anteromedial nucleus 

60 AD Anterodorsal nucleus 

61 AV Anteroventral nucleus of thalamus 

62 LD Lateral dorsal nucleus of the thalamus 

63 VAL Ventral anterior-lateral complex of the thalamus 

64 VM Ventral medial nucleus of the thalamus 

65 VP Ventral posterior complex of the thalamus 

66 VPM Ventral posteromedial nucleus of the thalamus 

67 VPL Ventral posterolateral nucleus of the thalamus 

68 PT Parataenial nucleus 

69 PVT Paraventricular nucleus of the thalamus 

70 RE Nucleus of reuniens 

71 CL Central lateral nucleus of the thalamus 

72 CM Central medial nucleus of the thalamus 

73 PCN Paracentral nucleus 

74 PF Parafascicular nucleus 

75 PIL Posterior intralaminar thalamic nucleus 

76 MD Mediodorsal nucleus of thalamus 

77 LP Lateral posterior nucleus of the thalamus 

78 PO Posterior complex of the thalamus 

79 MGd Medial geniculate complex 

80 MGv Medial geniculate complex 

81 MGm Medial geniculate complex 

82 LGd Dorsal part of the lateral geniculate complex 

83 LGv Ventral part of the lateral geniculate complex 
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84 RT Reticular nucleus of the thalamus 

85 LH Lateral habenula 

86 MH Medial habenula 

87 HY Hypothalamus 

88 MPN Medial preoptic nucleus 

89 AHN Anterior hypothalamic nucleus 

90 VMH Ventromedial hypothalamic nucleus 

91 PH Posterior hypothalamic nucleus 

92 MBO Mammillary body 

93 SCH Suprachiasmatic nucleus 

94 ARH Arcuate hypothalamic nucleus 

95 PVH Paraventricular hypothalamic nucleus 

96 LPO Lateral preoptic area 

97 TU Tuberal nucleus 

98 LHA Lateral hypothalamic area 

99 STN Subthalamic nucleus 

100 ZI Zona incerta 

101 SCs Superior colliculus 

102 SCm Superior colliculus 

103 IC Inferior colliculus 

104 ICc Inferior colliculus 

105 PBG Parabigeminal nucleus 

106 PPN Pedunculopontine nucleus 

107 PRT Pretectal region 

108 IIIR Oculomotor region 

109 PAG Periaqueductal gray 

110 RN Red nucleus 

111 MRN Midbrain reticular nucleus 

112 CUN Cuneiform nucleus 

113 IPN Interpeduncular nucleus 

114 VTA Ventral tegmental area 

115 SNc Substantia nigra 

116 SNr Substantia nigra 

117 DR Dorsal nucleus raphe 

118 P Pons 

119 NLL Nucleus of the lateral lemniscus 

120 SOC Superior olivary complex 

121 PB Parabrachial nucleus 

122 PSV Principal sensory nucleus of the trigeminal 

123 PCG Pontine central gray 

124 PG Pontine gray 

125 VMc Trigeminal motor complex 

126 VII Facial motor nucleus 

127 DTN Dorsal tegmental nucleus 

128 LDT Laterodorsal tegmental nucleus 
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129 TRN Tegmental reticular nucleus 

130 PRF Pontine reticular formation 

131 RVC Raphe ventral complex 

132 HEM Hemispheric regions 

133 VERM Vermal regions 

134 PFL Paraflocculus 

135 FLNOD Floccular nodular region 

136 DN Dentate nucleus 

137 IP Interposed nucleus 

138 FN Fastigial nucleus 

139 VeCB Vestibulocerebellar nucleus 

140 NTB Nucleus of the trapezoid body 

141 SPVr Spinal nucleus of the trigeminal region 

142 NTS Nucleus of the solitary tract 

143 DCO Dorsal cochlear nucleus 

144 VCO Ventral cochlear nucleus 

145 VNC Vestibular nuclei 

146 SPIV Spinal vestibular nucleus 

147 DCN Dorsal column nuclei 

148 IO Inferior olivary complex 

149 PHY Perihypoglossal nuclei 

150 DMX Dorsal motor nucleus of the vagus nerve 

151 XII Hypoglossal nucleus 

152 MRz Medullary reticular zone 

153 IRN Intermediate reticular nucleus 

154 MY-sat Medulla 

155 fiber tracts fiber tracts 

156 cc corpus callosum 

157 cing cingulum bundle 

158 ac anterior commissure 

159 optc optic tract and chiasm 

160 dhc dorsal hippocampal commissure 

161 fi fimbria 

162 fx columns of the fornix 

163 st stria terminalis 

164 lfbst thalamus related 

165 mfb medial forebrain bundle 

166 fr fasciculus retroflexus 

167 pc posterior commissure 

168 cst corticospinal tract 

169 ml medial lemniscus 

170 ll lateral lemniscus 

171 mlf medial longitudinal fascicle 

172 scp superior cerebelar peduncles 

173 icp inferior cerebellar peduncle 
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174 Vn trigeminal nerve 

175 cVIIIn cochlear nerve 

176 VL lateral ventricle 

177 V3 third ventricle 

178 V4 fourth ventricle 

179 AQ cerebral aqueduct 

180 Brain Whole brain _root_ 

 

The labels provided above correspond to the left hemisphere. In the RCCF 

labelmap, the right hemisphere labels are denoted by adding 1000 to the corresponding 

left hemisphere labels.  
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